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Preface

This monograph is about a technique of time series analysis which is often called
‘singular-spectrum analysis' (SSA). The basic SSA algorithm looks simple, but
understanding of what it does and how it fits among the other time series analysis
techniques is by no means smple. At least, it was difficult for us: we have spent
afew yearson this. This book is an account of what we have learned.

Spending so much time on just one technique should be somehow justified.
For us, the justification is our belief in the capabilities of SSA: we are absolutely
convinced that for awide range of time series SSA can be extremely useful. More
than that, we firmly believe that in the near future no statistical package will be
sold without incorporating SSA facilities, and every time series analysis textbook
will contain an SSA-related section.

Although not widely known among statisticians and econometrists, SSA has
become a standard tool in meteorology and climatology; it is aso a well-known
technique in nonlinear physics and signal processing. We think that the lack of
popularity of SSA among statisticians was mostly due to tradition and the lack of
theory of SSA. We should also accept that the main methodological principle of
SSA is not really statistical; SSA is more a technique of multivariate geometry
than of statistics. In addition to statistics and multivariate geometry, the theory
of SSA comprises the elements of signal processing, linear algebra, nonlinear
dynamical systems, the theory of ordinary differential and finite-difference equa-
tions, and functional analysis. It is thus not surprising that it took along time for
usto achieve some level of understanding of what SSA is.

Despite the fact that the material of the book touches many different fields, a
large part of the book is oriented towards a wide circle of readers who need or
have an interest in time series anaysis.

SSA is essentidly a model-free technique; it is more an exploratory, model-
building tool than a confirmatory procedure. It aims at a decomposition of the
origina seriesinto a sum of a small number of interpretable components such as
a slowly varying trend, oscillatory components and a ‘structureless' noise. The
main concept in studying the SSA propertiesis‘ separability,” which characterizes
how well different components can be separated from each other.

An important feature of SSA isthat it can be used for analyzing relatively short
series. On the other hand, asymptotic separation plays a very important role in
the theory of SSA. Thereis no contradiction here because the asymptotic features
(which hold as the length of the series N tends to infinity) are found to be met

Copyright © 2001 CRC Press, LLC



for relatively small N. In practical applications, we typically deal with series of
length varying from afew dozen to afew thousand.

Possible application areas of SSA are diverse: from mathematics and physicsto
economics and financial mathematics, from meteorology and oceanology to so-
cia science and market research. Any seemingly complex series with a potential
structure could provide another example of a successful application of SSA.

There are alarge number of examplesin the book. Many of these examples are
real-life series from different areas including medicine, physics, astronomy, eco-
nomics, and finance. These examples are not the most exciting examples of appli-
cation of SSA; they were not selected to impress the reader. The purpose of the
selection was different: the examples serve only for illustrating the methodol og-
ical and theoretical aspects discussed in the book. Also, each example illustrates
a different feature of the method, so that the number of examples can hardly be
reduced.

Thisbook could not have been written had we not acquired a particular compu-
ter routine realizing SSA (see the Web site http://vega.math.spbu.ru/caterpillar
We were very lucky to have had in our team Kirill Braulov from St. Petersburg
University who developed the software. We are very grateful to Kirill for his ex-
cellent work. We are also very grateful to our other collaborators and colleagues
from the Faculty of Mathematics, St. Petersburg University, and especially to
Sergei Ermakov, Vladislav Solntsev, Dmitrii Danilov and Alexander Bart, who
have participated in a large number of seminars and discussions on the topic.
These seminars and discussions were most useful, especialy during the initial
stage of the work. Also we are grateful to Dmitry Belov (Institute of Physiol-
ogy, St. Petersburg University) for permission to use his EEG data for one of the
examplesin the book.

Our Cardiff University colleague, Gerald Gould, has carefully gone through the
manuscript and improved the English where necessary; we are much obliged to
him for a very important job. Comments from the Chapman & Hall editors have
aso helped very much in improving the manuscript; we are really thankful to
them.

A part of this work has been done in accordance with the grant GR/M21713,
“Multivariate methods in change-point detection problems’ from the EPSRC. We
are very grateful for this support. However, our main gratitude undoubtedly goes
to the Procter & Gamble Company, which for many years has been extremely
supportive of us. We have worked with anumber of very bright and clever people
from the company, but first of al we wish to acknowledge Phil Parker and Luigi
Ciutti. Their interest in and support for our work have helped us tremendously.

Last but not least, we are very grateful to our families for their patience and
understanding during the long period taken to write this book.

Nina Golyandina, Vladimir Nekrutkin, Anatoly Zhigljavsky

St. Petersburg — Cardiff, October 2000
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Notation

SvD
LRF
SSA
c.d.f.
F
N

FN - (f07"'7fN—1)
Fij=(fic1,---, fi—1)

dim £

£,

span(Py, ..., B,)
span(X)

o) — S(L)(FN)
dist(X, £)

rankL (FN)
rank(Fy)

Ui
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singular value decomposition

linear recurrent formula
singular-spectrum analysis

cumulative distribution function

time series

length of time series

time series of length NV

subseries of atime series Fy

window length

number of L-lagged vectors of Fiy

ith L-lagged vector of time series
trajectory matrix with columns X;
transposed matrix X

linear space of L x K matrices

inner product of matricesin My, x
Frobenius matrix normin M, x

rank of matrix X

Hankelization operator

ith eigenvalue of the matrix XX ™
identical M x M matrix

zero L x K matrix

zero vector of dimension M

vector (1,...,1)T of dimension M
Euclidean space of dimension M

linear subspace of the Euclidean space
dimension of alinear space £

linear space of dimension r

linear space spanned by vectors Py, ..., P,
linear space spanned by the columns of X
L-trajectory space of atime series Fiy
distance from avector X to alinear space £
difference dimension of atime series Fiy
L-rank of atime series Fiy

rank of atime series Iy

ith eigenvector of the SVD of the matrix X
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1th factor vector of the SVD of the matrix X
maximal cross-correlation of two series

weighted cross-correlation of two series

spectral cross-correlation of two series
covariance function of a stationary series F'
spectral measure of a stationary series F
spectral density of a stationary series F
spectral function of a stationary series F'
periodogram of atime series Fiy
heterogeneity index of time series Iy, Iy
heterogeneity matrix of atime series F'

L ebesque measurein R



| ntroduction

SSA (singular-spectrum analysis) is a novel technique of time series analysisin-
corporating the elements of classical time series analysis, multivariate statistics,
multivariate geometry, dynamical systems, and signal processing. Despite the fact
that alot of probabilistic and statistical elements are employed in the SSA-based
methods (they relate to stationarity, ergodicity, principal component and bootstrap
techniques), SSA is not a statistical method in terms of classical statistics. In par-
ticular, we typically do not make any statistical assumptions concerning either
signal or noise while performing the analysis and investigating the properties of
the algorithms.

The present book is fully devoted to the methodology and theory of SSA. The
main topics are SSA analysis, SSA forecasting, and SSA detection of structural
changes. Let us briefly consider these topics.

SSA analysis of time series

The birth of SSA is usually associated with publication of the papers by Broom-
head and King (1986a, 1986b) and Broomhead et al. (1987). Since then, the
technique has attracted a lot of attention. At present, the papers dealing with
methodological aspects and applications of SSA number several hundred; see, for
example, Vautard et al. (1992), Ghil and Taricco (1997), Allen and Smith (1996),
Danilov and Zhigljavsky (1997), Yiou et al. (2000) and the references therein. An
elementary introduction to the subject can be found in the recent book by Elsner
and Tsonis (1996).

SSA has proved to be very successful, and has already become a standard tool
intheanalysisof climatic, meteorological and geophysical time series; see, for ex-
ample, Vautard and Ghil (1989), Ghil and Vautard (1991), and Yiou et al. (1996).
It is thus not surprising that among the main journals publishing SSA-related re-
search papers are Journal of Climate, Journal of the Atmospheric Sciences, and
Journal of Geophysical Research.

Let usturn to the description of SSA. The basic version of SSA consists of four
steps, which are performed as follows. Let F' = (fo, f1,-.., fnv—1) be atime
series of length V, and L be an integer, which will be called the ‘window length’.
Weset K = N—L+1 and definethe L-lagged vectors X; = (f;_1, ..., fj+r—2)",
j=1,2,..., K, and the trgjectory matrix

X = (fi+jf2)£;£1 =[X1:...: Xkl
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Note that the trajectory matrix X isaHankel matrix, which meansthat al the ele-
ments along the diagonal i+-j = const are equal. The construction of the trajectory
matrix constitutes the first step of the agorithm.

The second step is the singular value decomposition (SVD) of the matrix X,
which can be obtained via eigenval ues and eigenvectors of the matrix S = XXT
of size L x L. This provides us with a collection of L singular values, which
are the square roots of the eigenvalues of the matrix S, and the corresponding
left and right singular vectors. (The left singular vectors of X are the orthonor-
mal eigenvectors of S; in SSA literature, they are often called ‘empirical orthog-
onal functions' or smply EOFs. Theright singular vectors can be regarded as the
eigenvectors of the matrix X ™ X.) We thus obtain a representation of X asasum
of rank-one biorthogonal matrices X; (i = 1,...,d), whered (d < L) isthe
number of nonzero singular values of X.

At the third step, we split the set of indices I = {1, ..., d} into several groups
Ii,...,I,, and sum the matrices X; within each group. The result of the step is
the representation

X=> X, whereX; =Y X;.
k=1 i€y
At the fourth step, averaging over the diagonals i+ 7 = const of the matrices
X, isperformed. This gives us an SSA decomposition; that is, a decomposition
of the original series F' into a sum of series
fn:Zf,(f’), n=0,...,N—1, (1.2)

k=1

where for each k the series f,(bk) is the result of diagonal averaging of the matrix
Xy,

The basic scheme of SSA for analysis of time series and some modifications of
this scheme are known in the SSA literature cited above. Note that SSA isusually
regarded as a method of identifying and extracting oscillatory components from
the original series; see, for example, Yiou et al. (1996), Ghil and Taricco (1997),
Fowler and Kember (1998). The standard SSA literature, however, does not pay
enough attention to theoretical aspects which are very important for understand-
ing how to select the SSA parameters and, first of al, the window length L for the
different classes of time series. The concept of separability and related method-
ologica aspects and theoretical results provide us with this understanding. Itisthe
study of separability which makes the biggest distinction between our research on
SSA analysis and the standard approach to SSA.

The choice of parameters in performing the SSA decomposition (they are the
window length L and the way of grouping the matrices X;) must depend on the
properties of the original series and the purpose of the analysis.

The genera purpose of the SSA analysis is the decomposition (1.1) with addi-

tive components fr(f) that are ‘independent’ and ‘identifiable’ time series; thisis
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what we mean when we talk about analyzing the structure of time series by SSA.
Sometimes, one can aso be interested in particular tasks, such as ‘extraction of
signal from noise,’ ‘ extraction of oscillatory components and ‘smoothing’.

For aproperly made SSA decomposition, acomponent fflk Jin (1.1) canbeiden-
tified as a trend of the original series, an oscillatory series (for example, season-
ality) or noise. An oscillatory series is a periodic or quasi-periodic series which
can be either pure or amplitude-modulated. Noise is any aperiodic series. The
trend of the series is, roughly speaking, a slowly varying additive component of
the series with all the oscillations removed.

Note that no parametric model for the components in (1.1) is fixed and these
components are produced by the series itself. Thus, when analyzing real-life se-
ries with the help of SSA one can hardly hope to obtain the components in the
decomposition (1.1) as exact harmonics or linear trend, for example, even if these
harmonics or linear trend areindeed present in the series (by a harmonic we mean
any sine series with some amplitude, frequency and phase). Thisis an influence
of noise and a consequence of the non-parametric nature of the method. In many
cases, however, we can get a good approximation to these series.

Intheidea situation the componentsin (I.1) must be ‘independent’. Achieving
‘independence’ (or ‘separability’) of the components in the SSA decomposition
(1.2) is of prime importance in SSA. From the authors viewpoint, separability
of components in this decomposition is the main theoretical problem in SSA re-
search and the main target in the selection of SSA parameters. Separability of
components is the central problem in the book; it is touched upon in virtualy
every section.

There are different notions of separability (more precisely, L-separability, since
the fact of separability depends on the window length L). The most important
is weak separability, defined as follows. Provided that the original time series
fn isasum of m series f,(f) (k = 1,...,m), for a fixed window length L,
weak L-separability means that any subseries of length L of the kth series fy(,,’“)
is orthogonal to any subseries of length L of the ith series f\” with I # k, and
the same holds for their subseries of length K = N — L + 1. Thisis equivalent
to the fact that there is away of constructing the SVD of the trajectory matrix X
and grouping the matrices X ; so that for each & the matrix X, is the trajectory
matrix of the series ff,k).

The demand of exact separability of componentsis a strict requirement which
rarely holds in practice. The notion of approximate separability is more impor-
tant (and much less restrictive) than the exact one. For a relatively long series,
approximate separability of the components is often achieved due to the theo-
retical concept of asymptotic separability which holds for a rather wide class of
components.

To measure the degree of ‘separability’ of the components in (I.1) we use a
number of different characteristics, such as ‘spectral correlation coefficient’ or
‘weighted correlation coefficient’.
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Weak separability may not be sufficient to guarantee that a particular SSA de-
composition properly reflects the structure of the original time series. Indeed, in
the case when two or more of the singular values of the trajectory matrices X (%)
and X corresponding to two different components f,(lk) and f,(f) of the original
seriesare equal (in practice, if the singular values are close), then the SVD is not
uniquely defined and the two series £ and £\ are mixed up, so that an addi-
tional analysis (such asrotationsin the L-dimensional space of thelagged vectors)
is required to separate the two series. If there is (approximate) weak separability
and all eigenvalues corresponding to different componentsin (1.1) are sufficiently
isolated from each other, then we have (approximate) strong separability, which
means that for a proper grouping the SSA decomposition (approximately) coin-
cides with the one assumed.

The absence of approximate strong separability is often observed for serieswith
complex structure. For these series and series of specia structure, there are dif-
ferent ways of modifying SSA. Several modifications of the basic SSA technique
can be of interest, such as SSA with single and double centring, Toeplitz SSA,
and sequential SSA (when the basic scheme is applied several times with differ-
ent parametersto the residual sfrom the previous analysis). SSA with centring and
Toeplitz SSA are based on particular non-optimal decompositions of the trajec-
tory matrices; they may be useful in analysis of time series of special structure,
such as series with linear-like tendencies and stationary-like series.

Toeplitz SSA was suggested in Vautard and Ghill (1989); it is a well known
modification of the basic SSA method. By contrast, SSA with double centring of
the trgjectory matrix is anew version of SSA.

SSA forecasting of time series

The principles of SSA forecasting developed in this book are new with respect to
the main-stream SSA approach. Let us now briefly consider the methodological
aspects of SSA forecasting.

Animportant property of the SSA decomposition isthe fact that, if the original
series f,, satisfies alinear recurrent formula (LRF)

f77,:a1fn—1+-~~+adfn—d (|2)

of some dimension d with some coefficients a4, ..., a4, then for any N and L
there are at most d nonzero singular valuesin the SVD of the trgjectory matrix X;
therefore, even if thewindow length L and K = N — L + 1 arelarger than d, we
only need at most d matrices X; to reconstruct the series.

Thefact that the series f,, satisfiesan LRF (1.2) isequivalent to its representabi-
lity as a sum of products of exponentials, polynomials and harmonics, that is as

q

fn= Z ag(n)e! " sin(2rwin + @i) . (1.3)
k=1
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Here a(n) are polynomials, 1, wy and ¢, arearbitrary parameters. The number
of linearly independent terms ¢ in (1.3) is smaller than or equal to d.

SSA forecasting is based on afact which, roughly speaking, states the follow-
ing: if the number of termsr inthe SVD of thetrajectory matrix X issmaller than
thewindow length L, then the series satisfies some L RF of somedimensiond < r.
Certainly, this assertion must not be understood ad litteram However, for infinite
seriesasimilar fact can be found in Gantmacher (1998, Chapter X VI, Section 10,
Theorem 7). Thetheorem dueto Buchstaber (1994) amplifiesthese considerations
for finite time series; thistheorem saysthat under the above-mentioned conditions
the series (with the possible exception of the last few terms) satisfies some LRF.
This assertion, however, does not directly lead to a forecasting agorithm, since
the last terms of the series are very important for forecasting.

An essential result for SSA forecasting was obtained in Danilov (19973, 1997b).
It can be formulated asfollows: if the dimension r of the linear space £, spanned
by the columns of the trajectory matrix is less than the window length L and this
space is not a vertical space, then the series satisfies a natural LRF of dimension
L—1.(fey ¢ £,.,wheree; = (0,0,...,0,1)T € R, thenwesay that £, isa
‘non-vertical’ space.)

If we have a series satisfying an LRF (1.2), then we can obviously continue
it for an arbitrary number of steps using the same LRF. It is important that any
LRF governing a given series provides the same continuation, and thus we do
not necessarily need the LRF with the minimal value of d. Thus, we now know
how to continue time series with non-vertical spaces and small ranks of trajectory
matrices.

Of course, when we are dealing with real-life time series we can hardly hope
to have atime series that is governed by an LRF of small dimension (in terms of
SVD, a'‘red-life’ trgjectory matrix with L < K has, asarule, rank L). However,
the class of seriesthat can be approximated by the series governed by the L RFs of
the form (1.2) or, equivaently, by the (deterministic) time series of the form (1.3)
with a small number of terms, is very broad and we can attempt forecasting of
these series using an SSA-based forecasting method. We may also be interested
in continuing (forecasting) some periodic (perhaps, amplitude-modulated) com-
ponents of the original series and in forecasting the trend, ignoring noise and all
oscillatory components of the series.

The idea of SSA forecasting of a certain time series component is as follows.
The selection of agroup of » < rank X rank-one matrices X; on the third step of
the basic SSA agorithm impliesthe selection of an 7-dimensional space £, ¢ R®
spanned by the corresponding left singular vectors.

If the space £, is non-vertical, then, as was mentioned previously, this space
produces the appropriate LRF, which can be used for forecasting (called recur-
rent forecasting) of the series component, corresponding to the chosen rank-one
meatrices.

As in the basic SSA, the separability characteristics help in selection of both
the window length L and the space £,.. Moreover, separability is directly related
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to LRFs: roughly spesking, if two series are separable, then they satisfy certain
LRFs.

The SSA recurrent forecasting algorithm can be modified in several ways. For
example, we can base our forecast on the Toeplitz SSA or SSA with centring
rather than on the basic SSA (the £, is then spanned by the corresponding ver-
sions of left singular vectors); in some cases, we can a so base the forecast on the
LRF of minimal order. Perhaps the most important modification is the so-called
SSA vector forecasting algorithm developed in Nekrutkin (1999). The idea of this
method is as follows.

For any group of indices I selected at the grouping stage, the application of
SSA givesus K = N — L + 1 vectors X, ..., Xk that lieinan r—dimgnsjonal
subspace £, of R”. Herer isthe number of elementsin I, for each j the X; isthe
projection of the L-lagged vector X ; onto the subspace £,., and the subspace £,
is spanned by the r Ieft eigenvectors of the trgjectory matrix X with the indices

in the group I. We then continue the vectors X, ..., Xk for M stepsin such a
way that (i) the continuation vectors Z,,, (K < m < K + M) belong to the space
£, and (i) thematrix [X; : ... : Xk : Zg41 ¢ ... Zr4m] IS approximately

a Hankel matrix. The forecasting series is then obtained by means of diagonal
averaging of this matrix.

While the recurrent forecasting algorithm performs the straightforward recur-
rent continuation of a one-dimensional series (with the help of the LRF so con-
structed), the vector forecasting method makes the continuation of the vectorsin
an r-dimensional space and only then returns to the time-series representation.
Examples show that vector forecasting appears to be more stable than the recur-
rent one, especially for long-term forecasting.

Confidenceintervalsfor theforecasts can be very useful in assessing the quality
of theforecasts. However, unlike the SSA forecasts themselves (their construction
does not formally require any preliminary information about the time series), for
constructing confidence bounds we need some assumptions to be imposed on the
series and the residual component, which we associate with noise.

We consider two types of confidence bounds; the first one is for the values of
the seriesitself at some future point N + M, and the second one s for the values
of the signal at this future point (under the assumption that the origina series
consists of a signal and additive noise). These two types of confidence intervals
are constructed in different ways: in the first case, we use the information about
forecast errors obtained during the analysis of the series; the second one uses the
bootstrap technol ogy.

To build the confidence intervals for the forecast of the entireinitial series, we
construct the forecasting LRF of dimension L — 1 (in the case of the recurrent
forecast) and repeatedly apply it to all subseries of the same dimension within the
observation period [0, N —1]. Then we compare the results with the corresponding
values of the series. Under the assumption that the residual seriesis stationary and
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ergodic, we can estimate the quantiles of the related margina distribution, and
therefore build the confidence bounds.

The bootstrap technique is useful for constructing confidence intervals for the
signal F(M at some future time N + M under the assumption that the series
Fy = (fo,..., fn—1)isasumof asignd FI(VU and noiseFI(f) =Fy — F](Vl). To
do that, we first obtain the SSA decomposition Fiy = 131(\,1 )+ 15](\,2), where 1;1(\[1)
(the reconstructed series) approximates F\), and F?) isthe residual series. As-
suming that we have a (stochastic) model for the residuals F' ) e then simulate
some number S of independent copies }7“](\,2)1 of the series F](f), obtain S series
ﬁ](\,l) + ﬁj(f)l and get S forecasting results fj(vliM_lyi. Having obtained the sample

f}vliMfl.i (1 <i < S) of the forecasting results, we use it to calculate the em-
pirical lower and upper quantiles of fixed level v and construct the corresponding
confidence interval for the forecast.

Note that the bootstrap confidence bounds can be constructed not only for the
SSA forecasts but also for the terms of the SSA decomposition when we are
dealing with separation of asignal from noise.

SSA detection of structural changes in time series

We call atime series Fy homogeneousif it is governed by an L RF of order d that
is small relative to the length of the series N.

Assume now that the series is homogeneous until sometime Q < N, but then
it stops following the original LRF (this may be caused by a perturbation of the
series). However, after a certain time period, it again becomes governed by an
LRF. In this case, we have a structural change (heterogeneity) in the series. We
may have either a permanent heterogeneity (in this case the new LRF is different
from the original one) or a temporary heterogeneity, when both LRFs coincide.
Note that even in the latter case, the behaviour of the series after the changeis dif-
ferent from the behaviour of the homogeneous (unperturbed) series; for example,
the initia conditions for the LRF after the perturbation can be different from the
unperturbed initial conditions.

The main idea of employing SSA for detecting different types of heterogeneity
is as follows. The results of Section 5.2 imply that for sufficiently large values
of the window length L the L-lagged vectors of a homogeneous series span the
same linear space g independently of IV, as soon as NV is sufficiently large.
Therefore, violations in homogeneity of the series can be described in terms of
the corresponding lagged vectors: the perturbations force the lagged vectors to
leave the space 2@ The corresponding discrepancies are defined in terms of the
distances between the |agged vectors and the space £(%), which can be determined
for different subseries of the original series.

Since, in practice, the series are described by LRFs only approximately, the
problem of approximate construction of the spaces £ arises again. Analogous
to the problems of forecasting, the SVD of the trajectory matrices is used for
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this purpose. As everywhere in the book, the concept of separability plays avery
important role when we are interested in detecting changes in components of the
series (for example, in the signal, under the presence of additive noise). Unlike the
forecasting problems, for studying structural changesin time series, the properties
of the SVDs of subseries of theinitial series F' become of prime importance.

We consider two subseries (say F” and F"') of the series F'; we call them ‘base
subseries' and ‘test subseries' . Assumethat the lengths of these subseries arefixed
and equal to B and T', respectively. Supposethat B > L and T > L, where L is
the window length. Let us make an SVD of the trgjectory matrix of the base sub-
series, select agroup of » < L left singular vectors, consider the linear space £/,
spanned by these vectors and compute the sum of the squared distances between
the space £/. and the L-lagged vectors corresponding to the test subseries. If we
normalize this sum by the sum of the squared norms of the L-lagged vectors of
the test subseries, then we obtain the so-called heterogeneity index g = g(F”’, F")
formally defined in Section 3.1. The heterogeneity index g(F’, F"") measures the
discrepancy between F’ and F” by computing the relative error of the optimal
approximation of the L-lagged vectors of the time series F’ by vectors from the
space £1..

The main tool used to study structural changes (heterogeneities) in time series
is the ‘heterogeneity matrix’ of size (N —B+1) x (N —T+1). The entries of
this matrix are the values of the heterogeneity index g = g(F’, F"), where F’
and F” run over al possible subseries of the series F' of fixed lengths B and T,
respectively.

The columns, rows and some diagonals of the heterogeneity matrix constitute
the ‘heterogeneity functions'. Change in the indexation system gives us the ‘de-
tection functions’; they are more convenient for the purpose of change detection.

We aso consider three groups of supplementary detection characteristics. The
first group is obtained when we use a different normalization in the expression
for the heterogeneity index (rather than using the sum of the squared norms of the
L-lagged vectors of the test subseries, we use the sum of the squared terms of the
whole series). This renormalization of the heterogeneity index often helps when
we monitor changes in monotone series and their components.

The second group of characteristics relates to the series of the roots of the
characteristic polynomials of the LRFsthat correspond to the SSA decomposition
of the base subseries . The roots of the characteristic polynomials monitor the
dynamics of the linear spaces £.. In particular, this monitoring can be very useful
for distinguishing the changes that actually happen in the series from spurious
changes that are caused by the fact that abrupt changes in the dynamics of the
linear spaces £. may be related to the changes in the order of the singular values.

The third group of characteristics is basically the moving periodograms of the
original series; this group is used to monitor the spectral structure of the origina
series.
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Compositiorof the book

The book has two parts; they are devoted to the methodology and theory of SSA,
respectively. The methodological principles of SSA are thoroughly considered
in Part | of the book. This part consists of three chapters, which deal with SSA
analysis, SSA forecasting and SSA detection of structural changes, respectively.

SSA analysis of time seriesis dealt with in Chapter 1. In Section 1.1, the basic
algorithm is described. In Section 1.2, the steps of this agorithm are explained
and commented on. In Section 1.3, the main capabilities of the basic algorithm
areillustrated by a number of real-life examples. In Section 1.4, the mgjor tasks
that can be attempted by SSA are formulated and discussed. In Section 1.5, the
concept of separability is considered in detail. These considerations play a very
important role in the selection of the parameters of SSA, the problem which is
dealt with in Section 1.6. In Section 1.7, supplementary SSA techniques, such as
SSA with centring and Toeplitz SSA, are considered.

Chapter 2 is devoted to SSA forecasting methodology. In Section 2.1, we for-
mally describe the SSA recurrent forecasting algorithm. In Section 2.2, the princi-
ples of SSA forecasting and links with L RFs are discussed. Several modifications
of the basic SSA recurrent forecasting algorithm are formulated and discussed
in Section 2.3. The construction of confidence intervals for the forecasts is made
in Section 2.4. In Section 2.5, we summarize the material of the chapter, and
in Section 2.6 we provide several examples illustrating different aspects of SSA
forecasting.

The methodology of SSA detection of structural changes in time seriesis con-
sidered in Chapter 3. In Section 3.1, we introduce and discuss the main concepts.
In Section 3.2, we consider various violations of homogeneity in time series and
the resulting shapes of the heterogeneity matrices and detection functions. In Sec-
tion 3.3, we generalize the results of Section 3.2 to the case when we are detecting
heterogeneities in one of the components of the original series rather than in the
series itsalf (this includes the case when the series of interest is observed with
noise). The problem of the choice of detection parametersis dealt with in Section
3.4. In Section 3.5, we consider several additional detection characteristics, and
in Section 3.6 we provide a number of examples.

Chapters 4, 5 and 6 constitute the second (theoretical) part of the book, where
all the statements of Part | are properly formulated and proved (with the exception
of some well-known results where the appropriate references are given).

Chapter 4 considers the singular value decomposition (SVD) of real matri-
ces, which is the main mathematical tool in the SSA method. The existence and
uniqueness of SVDs is dealt with in Section 4.1. In Section 4.2, we discuss the
structure and properties of the SVD matrices with special attention paid to such
features of SV D as orthogonality, biorthogonality, and minimality. In Section 4.3,
we consider optimal features of the SVD from the viewpoints of multivariate ge-
ometry and approximation of matrices by matrices of lower rank. A number of
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results on optimality of the standard SVD are generalized in Section 4.4 to the
SVD with single and double centring.

Chapter 5 provides a forma mathematical treatment of time series of finite
rank; the L-trajectory matrices of these series have rank less than min(L, K) for
all sufficiently large L and K. General properties of such series are considered
in Section 5.1. As discussed above, the series of finite rank are related to the
seriesgoverned by the LRFs; theserelations are studied in Section 5.2. Theresults
concerning the continuation procedures are derived in Section 5.3.

In Chapter 6, we make a formal mathematical study of four topics that are
highly important for the SSA methodology. Specifically, in Section 6.1 we study
weak separability of time series, in Section 6.2 diagonal averaging (Hankeliza-
tion) of matrices is considered, while centring in SSA is studied in Section 6.3,
and specific features of SSA for deterministic stationary sequences are discussed
in Section 6.4.

Other SSA and SSA-related topics

On the whole, this book considers many important issues relating to the imple-
mentation, analysis and practical application of SSA. There are, however, several
other topics which are not covered here. Let us mention some of them.

1. Multichannel SSAMultichannel SSA isan extension of the standard SSA to
the case of multivariate time series (see Broomhead and King, 1986b). It can
be described as follows. Assume that we have an [-variate time series f,, =
( A ff)), wheren = 0,1,..., N — 1 (for simplicity we assume that the
time domain is the same for all the components of the series). Then for a fixed
window length L we can define the trajectory matrices X (i=1,...,1) of the

one-dimensional time series f,(f). The trajectory matrix X can then be defined as

X (1)
X:<”&1))' (1.9
X

The other stages of the multichannel SSA procedure are identical to the one-
dimensional procedure discussed above with obvious modification that the diag-
onal averaging should be applied to each of the | components separately. (Multi-
channel SSA can be generalized even further, for analyzing discrete time random
fields and image processing problems; see Danilov and Zhigljavsky, 1997.)

There are numerous examples of successful application of the multichannel
SSA (see, for example, Plaut and Vautard, 1994; Danilov and Zhigljavsky, 1997),
but the theory of multichannel SSA is yet to be developed. The absence of a
theory is the reason why, in the present book, we have confined ourselves to the
univariate case only. This caseis already difficult enough, and multichannel SSA
has additional peculiarities.

Construction of the trajectory matrix in multichannel SSA isnot obvious; there
are several aternativesto (1.4). The matrix (1.4) seemsto be the natural candidate
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for the tragjectory matrix of a multivariate series, but its advantages are not clear.
Note also that there is a version of SSA that deals with complex-valued series; it
can be considered as a version of multichannel SSA as well. It is, however, not
clear how to compare the two-channel SSA with the one-channel complex SSA.

2. Continuougime SSA.The basic SSA scheme and most of its variations can
be modified for the case of continuous time. There are many significant changes
(with respect to the material of the book) that would to be made if one wereto try
to analyze the corresponding procedure: instead of sums we get integrals, instead
of matrices we have linear operators, the SVD becomes the Schmidt decomposi-
tion in the corresponding Hilbert space, L RFs become ordinary differential equa-
tions, and so on. Note that the theory of generalized continuoustime SSA includes
the standard discrete time SSA as a particular case. In addition, such a general-
ization allows us to consider not only embeddings of Hankel type but also many
other mappings which transfer functions of one variable to the functions of two
variables. Those interested in this approach can find a lot of related material in
Nekrutkin (1997).

3. Useof differentwindowlengths.The use of different values of the window
length is discussed in Section 1.7 in relation to the so-called ‘ Sequential SSA'.
There are some other suggestions in the literature, such as selecting the window
length at random (see Varadi etal., 1999) or keeping theratio L' /N’ fixed, where
L’ is the window length for the subseries of the original series of length N’ =
N/k which is obtained by sieving the original series (see Yiou etal., 2000). Both
methods are suggested for analyzing long series; the latter one is shown to have
some similarity with the wavelet analysis of time series.

4. SSAfor sequentialdetectionof structural changes.The methodology of
Chapter 3 aims at a nonsequential (posterior) detection of structural changes in
time series. Some of these algorithms can be modified for the more standard
change-point problem of sequential detection of change-points. This approach
is implemented in Moskvina and Zhigljavsky (2000), where some of the de-
tection algorithms are analyzed as proper statistical procedures. The Web site
http://www.cf.ac.uk/maths/stats/changepoahtains more information on the
subject and alink to the software that can be downloaded.

Let us mention some other areas related to SSA.

During the last forty years, a variety of techniques of time series analysis and
signal processing have been suggested that use SVDs of certain matrices; for sur-
veys see, for example, Marple (1987) or Bouvet and Clergeot (1988). Most of
these techniques are based on the assumption that the original series is random
and stationary; they include some techniques that are famous in signal process-
ing, such as Karhunen-Loeve decomposition and the MUSIC algorithm (for the
signal processing references, see, for example, Madisetti and Williams, 1998).
Some statistical aspects of the SV D-based methodology for stationary series are
considered, for example, in Brillinger (1975, Chapter 9), Subba Rao (1976) and
Subba Rao and Gabr (1984).
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The analysis of periodograms is an important part of the process of identify-
ing the components in the SSA decomposition (1.1). For example, noise is mod-
eled by aperiodic (chaotic) series whose spectral measures do not have atoms
(white noise has constant spectral density). A comparison of the observed spec-
trum of the residual component in the SSA decomposition with the spectrum of
some common time series (these can be found, for example, in Priestley, 1991
and Wei, 1990, Chapter 11) can help in understanding the nature of the residuals
and formulation of a proper statistical hypothesis concerning the noise. However,
asingle realization of anoise series can have a spectrum that significantly differs
from the theoretical one. Several simulation-based testsfor testing the white noise
zero hypothesis against the ‘red noise’ alternative (i.e., an autoregressive process
of the first order) have been devised; the approach is called ‘Monte Carlo SSA’,
see Allen and Smith (1996). This approach has attracted a lot of attention of re-
searchers; for its extension and enhancement see, for example, Palus and Novotna
(1998).

Another area which SSA is related to is nonlinear (deterministic) time se-
ries analysis. It is a fashionable area of rapidly growing popularity; see the re-
cent books by Cutler and Kaplan (1997), Kantz and Schreiber (1997), Abarbanel
(1996), Tong (1993), and Weigend and Gershenfeld (1993). Note that the spe-
ciaists in nonlinear time series analysis (as well as statisticians) do not always
consider SSA as a technique that could compete with more standard methods;
see, for example, Kantz and Schreiber (1997, Section 9.3.2).

It isimpossible to discuss all the fields related to SSA. In a certain wide sense,
one can consider SSA as a method of approximating the original series (or its
component) with the other series governed by an LRF. Then we can consider a
long list of publications on the theme, starting with Prony (1795).

On the other hand, the essential feature of SSA isthe choice of the optimal basis
consisting of the left singular vectors. If we do not restrict ourselves to strong
optimality (see the discussion on Toeplitz and centring SSA), then we arrive at a
wide class of methods dealing with different bases (including, for example, the
wavel et bases) that can be used for the decomposition of the lagged vectors.

As has dready been mentioned, in signal processing, nonlinear physics and
some other fields, a number of methods are in use that are based on SV Ds of the
trajectory matrices (aswell as other matrices calculated through the terms of time
series); these methods are used for different purposes.

Thus, the area of SSA-related methodsis very wide. Thisis one of the reasons
why we are confident that the ideas and methodology of SSA described in this
book will be useful for awide circle of scientistsin different fields for many years
to come.
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PART |

SSA: Methodology
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CHAPTER 1

Basic SSA

This chapter deals with the basic scheme of SSA and several modifications of it.
Only the problem of analysis of the structure of a one-dimensiona real-valued
time seriesis considered. Some refined generalizations of the basic scheme adap-
ted to the problems of time seriesforecasting and homogeneity analysis (including
the change-point detection problem) are considered in the subsequent chapters.

Briefly, in this chapter we consider Basic SSA as a model-free tool for time se-
ries structure recognition and identification. We do not want to specify the notion
‘structure’ at the moment but mention that the goal of Basic SSA is a decomposi-
tion of the series of interest into several additive components that typically can be
interpreted as ‘trend’” components (that is, smooth and slowly varying parts of the
series), various ‘oscillatory’ components (perhaps with varying amplitudes), and
‘noise’ components.

In this chapter we do not assign any stochastic meaning to the term ‘noise’: the
concept of a deterministic stationary ‘noise’ series is generally more convenient
for SSA since it deals with a single trajectory of atime series rather than with
a sample of such tragjectories. Also, it may occur that we are not interested in
certain components of the series and can therefore subsume them under the noise
components.

Basic SSA performsfour steps. At thefirst step (called the embedding stépthe
one-dimensional seriesis represented as a multidimensional series whose dimen-
sion is called the window length The multidimensional time series (which is a
sequence of vectors) forms the trajectory matrix The sole (and very important)
parameter of this step isthe window length.

The second step, SVD stepisthe singular value decomposition of the trajectory
matrix into a sum of rank-one bi-orthogonal matrices. The first two steps together
are considered as the decomposition stagef Basic SSA.

The next two steps form the reconstruction stageThe grouping stepcorre-
sponds to splitting the matrices, computed at the SVD step, into severa groups
and summing the matrices within each group. The result of the step is a represen-
tation of the trgjectory matrix as a sum of several resultant matrices

The last step transfers each resultant matrix into a time series, which is an
additive component of the initial series. The corresponding operation is called
diagonal averaginglt is alinear operation and maps the trgjectory matrix of the
initial seriesinto theinitial seriesitself. In this way we obtain a decomposition of
theinitial seriesinto several additive components.
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L et us describe these steps formally and discuss their meaning and features.

1.1 Basic SSA: description

Let N > 2. Consider a real-valued time series F' = (fo,..., fnv—1) of length
N. Assumethat F' isanonzero series, that is, there exists at least one 7 such that
fi # 0. Though one can usually assumethat f; = f(:A) for acertain function of
time f(¢) and acertain time interval A, this does not play any specific role in our
considerations.

Moreover, thenumbers0, . .., N —1 can beinterpreted not only as discretetime
moments but also as labels of any other linearly ordered structure. The numbering
of thetime seriesvalues starts at « = 0 rather than at the more standard i = 1; this
isonly for convenience of notation.

As was aready mentioned, Basic SSA consists of two complementary stages:
decomposition and reconstruction.

1.1.1 First stage: decomposition

1st step: Embedding
The embeddingorocedure maps the original time series to a sequence of multidi-
mensional lagged vectors.

Let L be an integer (window length, 1 < L < N. The embedding procedure
forms K = N — L + 1 lagged vectors

Xi=(fic1s-- s firr—2)", 1<i<K,

which have dimension L. If we need to emphasize the dimension of the X;, then
we shall call them L-lagged vectors
The L-trajectory matrix(or smply trajectory matriy of the series F:

X=[X1:...: Xk

has lagged vectors as its columns. In other words, the trajectory matrix is

fo fi f2 R
fi fo f3 %
X = (i) 2y = _f2 f3 _f4 _fK+1 . (1.1)

..fL—l :fL ..fL-&-l .IfN—l

Obvioudly z;; = fit;—2 and the matrix X has equal elements on the ‘diagonals
i+ j = const. (Thus, the trgjectory matrix is a Hankel matrix) Certainly if N
and L arefixed, then there is a one-to-one correspondence between the trgjectory
matrices and the time series.
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2nd step: Singular value decomposition
Theresult of this step isthe singular value decomposition (SVD) of the trgjectory
matrix. Let S = XXT. Denote by A1, ..., s, the eigenvaluesf S taken in the
decreasing order of magnitude (A\; > ... > A\ > 0) and by Uy,..., Uy the
orthonormal system of the eigenvectorof the matrix S corresponding to these
eigenvalues. Let d = max{i, such that \; > 0}.

If we denote V; = XTU; /v (i = 1,...,d), then the SVD of the trajectory
matrix X can be written as

X =X;+...+Xg, (1.2)

where X; = +/\;U;V;T. The matrices X; have rank 1; therefore they are elemen-
tary matrices The collection (v/A;, U;, V;) will be called ith eigentripleof the
SVD (1.2).

1.1.2 Second stage: reconstruction

3rd step. Grouping
Once the expansion (1.2) has been obtained, the grouping procedure partitionsthe
setof indices {1,...,d} intom digoint subsets I, .. ., I,

LetI = {i1,...,1,}. Thentheresultant matrixX ; corresponding to the group
I is defined as X; = X, + ... + X;,. These matrices are computed for I =
I,...,I,, andthe expansion (1.2) leads to the decomposition

X=X, +..+X; (1.3)

The procedure of choosing the sets 14, . . ., I,,, is called the eigentriple grouping

4th step: Diagonal averaging
Thelast step in Basic SSA transforms each matrix of the grouped decomposition
(1.3) into anew series of length N.

Let Y bean L x K matrix with elements y;;, 1 < ¢ < L,1 < j < K. We
set L* = min(L, K), K* = max(L, K)and N = L + K — 1. Let y;; = y;; if
L < K and y;; = y;; otherwise.

Diagonal averagingransfers the matrix Y to the series go, ...,gn—1 by the

m*

formula

LS,

E+1 Tnz::l Y h—m+2 for0<k<L*-1,

1 &

9k = E mz::l y:@,k—m-ﬂ for L*—1 <k < K*, (1_4)

1 N—K*+1

m Z yjrz,k—m+2 for K* < k < N.

m=k—K*+42

The expression (1.4) corresponds to averaging of the matrix elements over the
‘diagonals i + j = k + 2: the choice k = 0 gives go = y11, for k£ = 1 we have
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g1 = (Y12 + y21)/2, and so on. Note that if the matrix Y isthe trgjectory matrix
of some series (ho, ..., hy_1) (in other words, if Y is the Hankel matrix), then

Diagonal averaging (1.4) applied to aresultant matrix X;, produces the series
Fk) = (%k),..., A}fll) and therefore the initial series fo, ..., fy_1 iSdecom-
posed into the sum of m series:

fo = f} 9. (L5)
k=1

1.2 Stepsin Basic SSA: comments

The formal description of the steps in Basic SSA requires some elucidation. In
this section we briefly discuss the meaning of the procedures involved.

1.2.1 Embedding

Embedding can be regarded as a mapping that transfers a one-dimensional time
series F' = (fo, ..., fnv—1) tothemultidimensional series X7, ..., X with vec-
tors X; = (fi_1,..., fisr—2)" € R*, where K = N — L + 1. Vectors X; are
caled L-lagged vectorgor, simply, lagged vectors

The single parameter of the embedding is the window lengthl., an integer such
that2 <L <N —1.

Embedding is astandard procedure in time series analysis. With the embedding
being performed, further development depends on the purpose of the investiga-
tion.

For speciaists in dynamical systems, a common techniqueis to obtain the em-
pirical distribution of al the pairwise distances between the lagged vectors X;
and X; and then calculate the so-called correlation dimension of the series. This
dimension isrelated to the fractal dimension of the attractor of the dynamical sys-
tem that generates the time series. (See Takens, 1981; Sauer, Yorke and Casdagli,
1991, for the theory and Nicolis and Prigogine, 1989, Appendix 1V, for the cor-
responding algorithm.) Note that in this approach, L must be relatively small and
K must bevery large (formally, K — o).

If L is sufficiently large, then one can consider each L-lagged vector X; as
a separate series and investigate the dynamics of certain characteristics for this
collection of series. The simplest example of this approach is the well-known
‘moving average’ method, where the averages of the lagged vectors are computed.
There are a so much more sophisticated algorithms.

For example, if the initial series can be considered as alocally stationary pro-
cess, then we can expand each lagged vector X; with respect to any fixed basis
(for instance, the Fourier basis or a certain wavelet basis) and study the dynamics
of such an expansion. These ideas correspond to the dynamical Fourier analysis.
Evidently, other bases can be applied aswell.
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The approximation of a stationary series with the help of the autoregression
models can also be expressed in terms of embedding: if we deal with the model

fivr—1=ar-1firr—2+arfi +€irn—1, >0, (1.6)

then we search for avector A = (ay, . ..,ar_1,—1)T suchthat theinner products
(X, A) are described in terms of a certain noise series.

Note that these (and many other) techniques that use the embedding can be
divided into two large parts, which may be called ‘globa’ and ‘dynamical’. The
global methods treat the X; as L-dimensional vectors and do not use their order-
ing.

For instance, if we calculate the empirical distribution of the pairwise distances
between the lagged vectors, then the result does not depend on the order in which
these vectors appear. A similar situation occurs for the autoregression model (1.6)
if the coefficients a; are calculated through the whole collection of the lagged
vectors (for example, by the least squares method).

This invariance under permutation of the lagged vectors is not surprising since
both models deal with stationary-like series and are intended for finding global
characteristics of the whole series. The number of lagged vectors K playstherole
of the ‘sample size’' in these considerations, and therefore it hasto be rather large.
Theoretically, in these approaches I must be fixed and K — oc.

The situation is different when we deal with the dynamical Fourier analysis
and similar methods, and even with the moving averages. Here the order of the
lagged vectorsis important and describes the dynamics of interest. Therefore, the
nonstationary scenario is the main application area for these approaches. As for
L and K, their relationship can generally be arbitrary and should depend on the
concrete data and the concrete problem.

At any rate, the window length L should be sufficiently large. The value of L
has to be large enough so that each L-lagged vector incorporates an essential part
of the behaviour of theinitial series F' = (fo, ..., fn—1)-

In accordance with the formal description of the embedding step (see Section
1.1.1), the result of this step is atrajectory matrix

X:[XlXK]

rather than just a collection of the lagged vectors X;. This means that generally
we are interested in the dynamical effects (though some characteristics that are
invariant under permutations of the lagged vectors will be important as well).

The trgjectory matrix (1.1) possesses an obvious symmetry property: the trans-
posed matrix XT is the trajectory matrix of the same series fo, ..., fxy_1 With
window length equal to K rather than L.

1.2.2 Singular value decomposition

Singular value decomposition (SVD) of the trgjectory matrix (1.1) is the second
step in Basic SSA. SVD can be described in different terms and be used for dif-
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ferent purposes. (See Chapter 4 for the mathematical results.) Most SVD features
are valid for general L x K matrices, but the Hankel structure of the trajectory
matrix adds a number of specific features. Let us start with general properties of
the SVD important for the SSA.

As was aready mentioned, the SVD of an arbitrary nonzero L x K matrix
X =[X;:...: Xg]isadecomposition of X in theform

d
X =Y VAU (17)
=1

where \; (i = 1,..., L) are eigenvalues of the matrix S = XX T arranged in
decreasing order of magnitudes,

d = max{i, such that \; > 0} = rank X,

{U1,...,Uq} isthe corresponding orthonormal system of the eigenvectors of the
matrix S, and V; = XTU, /\/\;.

Standard SVD terminology calls /), the singular valuesthe U; and V; are
the left and right singular vectorsof the matrix X, respectively. The collec-
tion (v/\;,U;, V;) is caled ith eigentripleof the matrix X. If we define X; =
VAU VT, then the representation (1.7) can be rewritten in the form (1.2), i.e. as
the representation of X as a sum of the elementary matrices X ;.

If all the eigenvalues have multiplicity one, then the expansion (1.2) isuniquely
defined. Otherwise, if there is at least one eigenvalue with multiplicity larger
than 1, then thereis afreedom in the choice of the corresponding eigenvectors. We
shall assume that the eigenvectors are somehow chosen and the choice is fixed.

Since SVD deals with the whole matrix X, it is not invariant under permuta-
tion of itscolumns X1, . .., X . Moreover, the equality (1.7) shows that the SVD
possesses the following property of symmetry: Vi, ..., V; form an orthonormal
system of eigenvectors for the matrix XX corresponding to the same eigenval-
ues \;. Note that the rows and columns of the trajectory matrix are subseries of
the original time series. Therefore, the left and right singular vectors also have a
temporal structure and hence can a so be regarded as time series.

SVD (1.2) possesses a number of optimal features. One of these properties
is as follows: among all the matrices X(™ of rank r < d, the matrix >;_, X;
provides the best approximation to the trajectory matrix X, so that || X — X (||
IS minimum.

Here and below the (Frobeniug normof amatrix Y is /(Y,Y) ,,, where the
inner productof two matrices’Y = (yi;){;—; ad Z = (2;)]’;_, isdefined as

q,8

(Y,Z) 0 = Y wigzis-

ij=1

Note that ||X||3, = Ele A and \; = ||X;]|3, fori = 1,...,d. Thus, we
shall consider the ratio \; /|| X||3 as the characteristic of the contribution of the
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matrix X; in the expansion (1.2) to the whole trajectory matrix X. Consequently,
S N/ |1X| 34, the sum of the first r ratios, is the characteristic of the optimal
approximation of the trgjectory matrix by the matrices of rank r.

Let us now consider the trgjectory matrix X as a sequence of L-lagged vectors.
Denote by £(%)  R” the linear space spanned by the vectors X1, . .., Xx. We
shall cal this space the L-trajectory spacgor, simply, trajectory spacg of the
series F. To emphasize the role of the series F, we use notation £X)(F) rather
than £, The equality (1.7) shows that &/ = (Uy,...,Uy) is an orthonormal
basisin the d-dimensional trajectory space £(L).

Setting Z; = v \iVi, i = 1,...,d, we can rewrite the expansion (1.7) in the
form

d
X = Z U.Z}L, (1.8)
=1

and for the lagged vectors X ; we have

d
Xj = sziUia (19)
i=1

where the z;; are the components of the vector Z;.

By (1.9), z;; isthe ith component of the vector X ;, represented in the basis /.
In other words, the vector Z; is composed of the ith components of lagged vectors
represented in the basis /.

Let us now consider the transposed trajectory matrix XT. Introducing Y; =
v 2;U; we obtain the expansion

d
XT —_ Z %}/;T’
i=1

which corresponds to the representation of the sequence of K-lagged vectorsin
the orthonormal basis V1, . .., V. Thus, the SVD gives rise to two dua geomet-
rical descriptions of the trajectory matrix X.

The optimal feature of the SVD considered above may be reformulated in the

language of multivariate geometry for the L-lagged vectors as follows. Let r <

d. Then among all r-dimensional subspaces £, of R”, the subspace £(© %

£(Uy,...,U,), spanned by Uy, ..., U,, approximates these vectors in the best
way; that is, the minimum of S°7  dist?(X;, £,) is attained at £{”). The ratio
S A/ %\ isthe characteristic of the best r-dimensional approximation
of the lagged vectors.

Another optimal feature relates to the properties of the directions determined
by the eigenvectors Uy, . .., Uy. Specifically, the first eigenvector U; determines
the direction such that the variation of the projections of the lagged vectors onto
this direction is maximum.
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Every subsequent eigenvector determines a direction that is orthogonal to al
previous directions, and the variation of the projections of the lagged vectors onto
this direction is also maximum. Therefore, it is natural to call the direction of
ith eigenvector U; the ith principal direction Note that the elementary matrices
X,; = U;Z} are built up from the projections of the lagged vectors onto ith
directions.

This view on the SVD of the trajectory matrix composed of L-lagged vectors
and an appeal to associations with principal component analysigad to the fol-
lowing terminology. We shall call the vector U; the ith (principal) eigenvector
the vector V; will be called the ith factor vectorand the vector Z; the vector of
ith principal components

1.2.3 Grouping

Let us now comment on the grouping step, which is the procedure of arranging
the matrix terms X; in (1.2). Assumethaam = 2, = I = {iy...,i.} ad
I,={1,...,d}\ I,wherel <i; <...<i. <d.

The purpose of the grouping step is separation of the additive components of
time series. Let us discuss the very important concept of separability in detail.
Suppose that the time series F is a sum of two time series F(1) and F(); that is,
fi= fi(l) + fi@) fori =0,..., N —1. Let usfix thewindow length L and denote
by X, X1 and X(? the L-trajectory matrices of the series F', F(1) and F(?),
respectively.

Consider an SVD (1.2) of the trgjectory matrix X. (Recall that if al the eigen-
values have multiplicity one, then this expansion is unique.) We shall say that the
series F'(1) and F(?) are (weakly) separable by the decompositi¢h?2), if there
exists a collection of indices I C {1,...,d} such that X! = 3., X; and
consequently X*) = 37, X;.

In the case of separability, the contribution of XV, the first component in the
expansion X = X1 4+ X is naturally to measure by the share of the corres-
ponding eigenvalues: 3", _; A; /Zle Ai-

The separation of the series by the decomposition (1.2) can be looked at from
different perspectives. Let usfix the set of indices I = I; and consider the corres-
ponding resultant matrix X, . If this matrix, and therefore X;, = X — X;,, are
Hankel matrices, then they are necessarily the trajectory matrices of certain time
series that are separable by the expansion (1.2).

Moreover, if thematrices X, and X, are close to some Hankel matrices, then
there exist series () and F(® such that F = F(!) 4+ F(2) and the trajectory
matrices of these series are close to X;, and Xj,, respectively (the problem of
finding these series is discussed below). In this case we shall say that the series
are approximately separable
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Therefore, the purpose of the grouping step (that is the procedure of arranging
theindices1, ..., d into groups) isto find several groups I, .. ., I,,, such that the

matrices Xy, , ..., X, satisfy (1.3) and are close to certain Hankel matrices.
Let us now look at the grouping step from the viewpoint of multivariate ge-
ometry. Let X = [X; : ... : Xk] be the trgjectory matrix of atime series F,

F = FM 4 F® and the series F(M) and F(?) are separable by the decompo-
sition (1.2), which corresponds to splitting the index set {1,...,d} into I and
{1,...,d}\ I.

The expansion (1.3) with m = 2 meansthat U, . . ., Uy, the basisin the trajec-
tory space £, splits into two groups of basis vectors. This corresponds to the
representation of £ asa product of two orthogonal subspaces (eigenspaces
eBD — g;,i e 1) and £5? = ¢(U;,i & I) spanned by U;,i € I, and
U;,i€ I, respectively.

Separability of two series F(!) and F(2) means that the matrix X;, whose
columns arethe projections of thelagged vectors X1, . . ., X x onto the eigenspace
£ isexactly the trajectory matrix of the series F(1).

Degpite the fact that several formal criteria for separability will be introduced,
the whole procedure of splitting the terms into groups (i.e., the grouping step) is
difficult to formalize completely. This procedure is based on the analysis of the
singular vectors U;, V; and the eigenvalues )\; in the SVD expansions (1.2) and
(1.7). The principles and methods of identifying the SYD components for their
inclusion into different groups are described in Section 1.6.

Since each matrix component of the SVD is completely determined by the
corresponding eigentriple, we shall talk about grouping of the eigentriples rather
than grouping of the elementary matrices X;.

Note also that the case of two series components (m = 2) considered above is
often more sensibly regarded as the problem of separating out a single component
(for example, as a noise reduction) rather than the problem of separation of two
terms. In this case, we are interested in only one group of indices, namely 1.

1.2.4 Diagonal averaging

If the components of the series are separable and the indices are being split up
accordingly, then all the matrices in the expansion (1.3) are Hankel matrices. We
thus immediately obtain the decomposition (1.5) of the original series: for every

k and n, f;&’” isequal to all the entries;pgf) aong the secondary diagonal
{(i,7), such that i + j = n + 2}

of the matrix X, .

In practice, however, this situation is not realistic. In the general case, no sec-
ondary diagonal consists of equal elements. We thus need a formal procedure of
transforming an arbitrary matrix into a Hankel matrix and therefore into a series.
As such, we shall consider the procedure of diagonal averagingwhich defines
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the values of the time series F(*) as averages of the corresponding diagonals of
the matrices X, .

It is convenient to represent the diagonal averaging step with the help of the
Hankelizationoperator H.

The operator H actson an arbitrary (L x K)-matrix Y = (y;,) inthefollowing
way (assume for definitenessthat L < K):fori+j=sand N = L+ K — 1 the
element y;; of the matrix HY is

s—1
1
Zyls—l for2<s<L-1,
s—1 ’
=1
1
Uij = 7 Zyl,s—l for L<s<K+1, (1.20)
=1 ) .
- Z Y,s—1 for K+2<s< K+1L.
K+L-s+1,

=s—K

For L > K the expression for the elements of the matrix HY is analogous, the
changes arethe substitution L < K and the use of the transposition of the original
matrix Y.

Note that the Hankelization is an optimal procedure in the sense that the matrix
‘HY isclosestto Y (with respect to the matrix norm) among all Hankel matrices
of the corresponding size (see Section 6.2). In its turn, the Hankel matrix HY
defines the series uniquely by relating the values in the diagonals to the values in
the series.

By applying the Hankelization procedure to al matrix components of (1.3), we
obtain another expansion:

X=X +...+X;,, (1.12)

where )N(]l = HX]L .

A sensible grouping leads to the decomposition (1.3) where the resultant ma-
trices X, are almost Hankel ones. This corresponds to approximate separability
and implies that the pairwise inner products of different matrices X 1, in (1.11)
are small.

Since dl the matrices on the right-hand side of the expansion (1.11) are Hankel
matrices, each matrix uniquely determines the time series F(*) and we thus obtain
(1.5), the decomposition of the original time series.

The procedure of computing the time series F(*) (that is, building up the group
I, plus diagonal averaging of the matrix X;, ) will be called reconstruction of a
series componerﬁ(’“) by the eigentriplesvith indicesin Ij.

1.3 Basic SSA: basic capabilities

In this section we start discussing examples that illustrate basic capabilities of
Basic SSA. Note that terms such as ‘trend’, ‘ smoothing’, ‘signal’, and ‘noise’ are
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used here in their informal, common-sense meaning and will be commented on
later.

1.3.1 Trendsof differentresolution

The example ‘ Production’ (crude ail, lease condensate, and natural gas plant lig-
uids production, monthly data from January 1973 to September 1999) shows the
capabilities of SSA in extraction of trends that have different resolutions. Though
the series has a seasonal component (and the corresponding component can be
extracted together with the trend component), for the moment we do not pay at-
tention to periodicities.

Taking the window length I = 120 we see that the eigentriples 1-3 correspond
to the trend. Choosing these eigentriples in different combinations we can find
different trend components.

1885

1793

1702

1610

1519

1427

1335

1244

1152
Jan 73 Jan 78 Jan 83 Jan 88 Jan 93 Jan 98

Figure 1.1 Production:generaltendencyroughtrend).

Figs. 1.1 and 1.2 demonstrate two alternativesin the trend resolution. The lead-
ing eigentriple gives a general tendency of the series (Fig. 1.1). The three leading
eigentriples describe the behaviour of the datamore accurately (Fig. 1.2) and show
not only the general decrease of production, but also its growth from the middle
70s to the middle 80s.

1.3.2 Smoothing

The series ' Treerings' (treering indices, Douglasfir, Snakeriver basin, U.S., an-
nual, from 1282 to 1950), is described in Hipel and McLeod (1994, Chapter 10)
with the help of a (3,0)-order ARIMA model. If the ARIMA-type model is ac-
cepted, then it is generally meaningless to look for any trend or periodicities.
However, we can smooth the series with the help of Basic SSA.
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Figure 1.2 Production: accurate trend.

Fig. 1.3 shows the initial series and the result of its SSA smoothing, which is
obtained by the leading 7 eigentriples with window length 120. Fig. 1.4 depicts

the residuals.
188
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Figure 1.3 Tree rings: smoothing result.
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Figure 1.4 Tree rings: residuals.

Another example demonstrating SSA as a smoothing technique usesthe ‘ White
dwarf’ data, which contains 618 point measurements of the time variation of the
intensity of the white dwarf star PG1159-035 during March 1989. The data is
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discussed in Clemens (1994). The whole series can be described as a smooth
guasi-periodic curve with a noise component.

Using Basic SSA with window length L = 100 and choosing the leading 11
eigentriples for the reconstruction, we obtain the smooth curve of Fig. 1.5 (thick
line). The residuals (Fig. 1.6) seem to have no evident structure (to simplify the
visualization of the results; these figures present only a part of the series).

Further analysis shows that the residual series can be regarded as a Gaussian
white noise, though it does not contain very low frequencies (see the discussion
in Section 1.6.1).

Thus, we can assume that in this case the smoothing procedure leads to noise
reduction and the smooth curve in Fig. 1.5 describes the signal.

0.30
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>
>
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Figure 1.5 Whitedwarf: smoothederies.

1 22 43 64 85 106 127 148 169 190 211 232 253 274 295

Figure 1.6 Whitedwarf: residuals.

1.3.3 Extractionof seasonalitcomponents

The ‘Eggs’ data (eggs for alaying hen, monthly, U.S., from January 1938 to De-
cember 1940, Kendall and Stuart, 1976, Chapter 45) has arather simple structure;
it isthe sum of an explicit annual oscillation (though not a harmonic one) and the
trend, which is almost constant.

Thechoice L = 12 alowsusto extract simultaneously all seasonal components
(12, 6, 4, 3, 2.4, and 2-months harmonics) as well as the trend.

The graph in Fig. 1.7 depicts the initial series and its trend (thick line), which
is reconstructed from the first eigentriple.
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Figure 1.7 Eggs:initial seriesandits trend.
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Figure 1.8 Eggs:four leadingseasonaharmonics.

The four leading seasonal harmonic componentgbriefly, harmonic$ of the
series are depicted in Fig. 1.8; they are: 12-months, 6-months (presented in the
same scal€e), 4-months and 2.4-months harmonics (also in the same scal€). The
corresponding pairs of the eigentriples are 2-3; 4-5; 6-7, and 8-9. The two weakest
harmonics, 3-months and 2-months (10-11 and 12 eigentriples, respectively), are
not shown.

1.3.4 Extractionof cycleswith smallandlarge periods

Theseries'Births' (number of daily births, Quebec, Canada, from January 1, 1977
to December 31, 1990) is discussed in Hipel and McLeod (1994). It shows, in
addition to a smooth trend, two cycles of different ranges: the one-year periodicity
and the one-week periodicity.

Both periodicities (as well as the trend) can be simultaneously extracted by
Basic SSA with window length . = 365. Fig. 1.9 shows the one-year cycle of
the series added to the trend (white line) on the background of the ‘Births' series
from 1981 to 1990. Note that the form of this cycle varies in time, though the
main two peaks (spring and autumn) remain stable. The trend corresponds to the
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Figure 1.9 Births: initial time seriesandits annualperiodicity.
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Figure 1.10 Births: one-weelperiodicity.

leading eigentriple, while the one-year periodic component is reconstructed from
the eigentriples 6-9 and 12-19.

Fig. 1.10 demonstrates the one-week cycle on the background of the initial
series for approximately the first three months of 1977. This cycle corresponds to
the eigentriples 2-5 and 10-11.

1.3.5 Extractionof periodicitieswith varyingamplitudes

The capability of SSA in extracting an oscillating signal with avarying amplitude
can be illustrated by the example of the ‘Drunkenness’ series (monthly public
drunkenness intakes, Minneapolis, U.S., from January 1966 to July 1978, Mc-
Cleary and Hay, 1980). Theinitial seriesis depicted in Fig. 1.11 (thin line).

Taking L = 60 in Basic SSA and reconstructing the series from the fourth and
fifth eigentriples, we see (bottom linein Fig. 1.11) an almost pure 12-months peri-
odic component. The amplitude of thisannual periodic component approximately
equals 120 at the beginning of the observation time. The amplitude then gradually
decreases and almost disappears at the end. The amplitude is reduced by a factor
of about 10, but the trend in the data is diminished only by a factor of three to
four.

1.3.6 Complex trends and periodicities

The ‘Unemployment’ series (West Germany, monthly, from April 1950 to De-
cember 1980, Rao and Gabr, 1984) serves as an example of SSA capability of
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Figure 1.11 Drunkennessvaryingamplitudes.

extracting complex trends simultaneously with the amplitude-modulated period-
icities.

The result of extraction is presented in Fig. 1.12 (the initial series and the re-
constructed trend) and in Fig. 1.13 (seasonality).
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Figure 1.12 Unemployment: trend.

The window length was taken as L = 180. Since both the trend and the season-
ality are complex, many eigentriples are required to reconstruct them. The trend
is reconstructed from the eigentriples 1, 2, 5-7, 10, 11, 14, 15, 20, 21, 24, 27, 30,
and 33, while the eigentriples with numbers 3, 4, 8, 9, 12, 13, 16-19, 22, 23, 25,
26, 34, 35, 43, 44, 71, and 72 describe the seasonality.

Copyright © 2001 CRC Press, LLC



744404

372202

ﬂ (\ R ﬂ AM“N“JU\VU\NUU A
VTN

Jan 52 Jan56 Jan60 Jan64 Jan68 Jan72 Jan76 Jan 80

<

-372202

Figure 1.13 Unemployment: seasonality.

If we wereto take asmaller number of eigentriplesfor thetrend, then we would
obtain a less refined description of a smooth, slowly varying component of the
series corresponding to a more general tendency in the series.

1.3.7 Finding structure in short time series

The series ‘War’ (U.S. combat deaths in the Indochina war, monthly, from 1966
to 1971, Janowitz and Schweizer, 1989, Table 10) is chosen to demonstrate the
capabilities of SSA in finding a structure in short time series.
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Figure 1.14 War: trend and annual periodicity.

Selecting awindow length L = 18, we can see (Fig. 1.14) that the two leading
eigentriples perfectly describe the trend of the series (thick line on the background
of theinitia data). This trend relates to the overall involvement of U.S. troopsin
the war.

The third (bottom) plot of Fig. 1.14 shows the component of the initial series
reconstructed from the eigentriples 3 and 4. There is little doubt that thisis an
annual oscillation modulated by the war intensity. This oscillation has its origin

Copyright © 2001 CRC Press, LLC



2100
1800
1500
1200

900

600

200 [\/\y*’

ol A DR e
=4 u;&ﬂy\/ ¥

Jan 66 Jan 67 Jan 68 Jan 69 Jan 70 Jan 71 Dec 71

Figure 1.15 War: quarterperiodicity and seriesapproximation.

in the climatic conditions of South-East Asia: the summer season is much more
difficult for any activity than the winter one.

Two other series components, namely that of the quarterly cycle corresponding
to the eigentriples 5 and 6 (depicted at the bottom of Fig. 1.15) and the omitted
4-months cycle, which can be reconstructed from the eigentriples 7 and 8, are
both modulated by the war intensity and both are less clear for interpretation.
Nevertheless, if we add all these effects together (that is, reconstruct the series
component corresponding to the eight leading eigentriples), a perfect agreement
between the result and the initial series becomes apparent: see Fig. 1.15, top two
plots, with the thick line corresponding to the reconstruction.

1.4 Timeseries and SSA tasks

In the previous section the terms ‘trend’, ‘smoothing’, ‘amplitude modulation’
and ‘noise’ were used without any explanation of their meaning. In this section
we shall provide the related definitions and corresponding discussions. We shall
also describe the major tasks that can be attempted by Basic SSA. Examples of
application of Basic SSA for solving these tasks have been considered in Sec-
tion 1.3.

1.4.1 Models of time series and the periodograms

Formally, SSA can be applied to an arbitrary time series. However, a theoret-
ical study of its properties requires specific considerations for different classes
of series. Moreover, different classes assume different choices of parameters and
expected results. We thus start this section with a description of several classes
of time series, which are natural for the SSA treatment, and use these classes
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to discuss the important concept of (approximate) separability defined earlier in
Section 1.2.3. (For the theoretical aspects of separability see Section 6.1.)

Since the main purpose of SSA is a decomposition of the series into additive
components, we always implicitly assume that this seriesis a sum of several sim-
pler series. These ‘simple’ series are the objects of the discussion below. Note
also that here we only consider deterministic time series, including those that can
be regarded as 'noise’. Stochastic models of the noise series, in their relation to
the separability problem, are discussed in Sections 6.1.3 and 6.3.

(a) Stationaryseries

The concept of a deterministic stationary time series is asymptotic (rigorous defi-
nitions and results on the subject are given in Section 6.4, here we stick to alooser
style). Specificaly, aninfiniteseries ' = (fo, f1,. .-, fa, ... ) iscaled stationary
if for all nonnegative integers k, m the following convergence takes place:

N-1

1

~ 2 fikFiem o Ry(k—m), (112)
j=0

wherethe (even) function R (n) is called the covariance functiomwf the series F'.
The covariance function can be represented as

Ry(n) = e (),
(=1/2,1/2]

where m ; isameasure called the spectral measuref the series F.

The form of the spectral measure determines properties of the corresponding
stationary series in many respects. For example, the convergence (1.12) implies,
loosely speaking, the convergence of the averages

1 N-—1
~ ZO fisk 7 0 (1.13)
J=

for any k if and only if m ; does not have an atom at zero.

Thus, the definition of stationarity is related to the ergodicity not only of the
second order, but also of the first order as well. Below, when discussing station-
arity, we shall always assume that (1.13) holds, which is the zero-mean assump-
tion for the original series.

If the measure m is discrete, then, roughly speaking, we can assume that the
stationary series F' hasthe form

fn ~ Z ay, cos(2mwin) + Z bp sin(2rwin), wy € (0,1/2],  (1.14)
k k

whereay, = a(wy), by = b(wy,), b(1/2) = 0andthesum Y, (a3 + b7 ) converges.
(Notethat a(1/2) # 0 if one of the w;, isexactly 1/2.)
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Then the measure m ; is concentrated at the points £wy, wi € (0,1/2), with
the weights (a7 + b2)/4. The weight of the point 1/2 equals a?(1/2).

A series of the form (1.14) will be called almostperiodic (see Section 6.4.2
for the precise definition). Periodic series correspond to a spectral measure m ¢
concentrated at the points +5 /T (j = 1,...,[T/2]) for someinteger T'. In terms
of the representation (1.14), this means that the number of terms in this represen-
tation isfinite and all the frequencies wy, are rational.

Almost periodic seriesthat are not periodic are called quasi-periodic For these
series the spectral measure is discrete, but it is not concentrated on the nodes of
any grid of the form +5/T. The harmonic f,, = cos 2rwn with an irrational w
provides an example of a quasi-periodic series.

Aperiodic(in other terminology — chaotiq series are characterized by a spec-
tral measure that does not have atoms. In this case one usually assumes the exi-
stence of the spectraldensity. m(dw) = py(w)dw. Aperiodic series serve as
models for noise they are also considered in the theory of chaotic dynamical sys-
tems. If the spectral density exists and is constant, then the aperiodic series is
called whitenoise

Almost periodic and chaotic series have different asymptotic behaviour of their
covariance functions: in the aperiodic case this function tends to zero, but the
amost periodic series are (generally) characterized by almost periodic covariance
functions.

Asarule, real-life stationary series have both components, periodic (or quasi-
periodic) and noise (aperiodic) components. (The series ‘White dwarf’ — Sec-
tion 1.3.2 —isatypical example of such series.)

Note that it is difficult, or even impossible when dealing with a finite series,
to distinguish between a periodic series with alarge period and a quasi-periodic
series. Moreover, on finite time interval s aperiodic series are hardly distinguished
from a sum of harmonics with wide spectrum and small amplitudes.

For a description of finite, but reasonably long, stationary series, it is conve-
nient to use the language of the Fourier expansiorof the initial series. Thisisthe
expansion

(N/2]
fn=co+ Z (ck cos(2mn k/N) + s sin(2wn k/N)), (1.15)
k=1
where N isthe length of the series, 0 < n < N, and sy, = 0 for even N. The
zero term ¢ is equal to the average of the series, so that if the series is centred,
then co = 0.
For a series of afinite length, the periodogramof the series is an analogue of
the spectral measure. By definition (see Section 6.4.5) the periodogram HJfV (w) of
theseries F' = (fo,..., fn—1)is

N-1

Z 67i27rwn fn

n=0

2

I} (w) = , we (=1/2,1/2]. (1.16)

N
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Since the elements of the series F' are real numbers, [T (—w) = TI} (w) for
|w|] < 1/2, and therefore we can consider only the interval [0,1/2] for w. If the
series F' isrepresented in the form (1.15), then it is not difficult to show that

N 20(2) for k=0,
Y (k/N)=— 1< ¢ +si for0<k<N/2 (1.17)
2| 23, fork=Nj2

Thelast caseis, of course, possible only when N is odd.

Let us consider the Fourier expansions (1.15) of two series F(1) and F(?) of
length N and denote the corresponding coefficients by ¢\’ and s\, j = 1,2.
Using the notation

1 .(2) (1) (2)
dy = { ey ¢’ 8,08 fork#0and N/2, (118)

k
ZCS)C%) for k =0 or N/2,

we can easily see that the inner product of two seriesis

N-1

(F(l),F(Q)) def Z f’r(7,1)f’r(7,2)

k=0

= g(QdO + Z dy + 2dN/2)7 (1.19)
0<k<N/2

wheredy/, = 0 for odd V.

Thisimmediately yields that the norm ||F'|| = \/(F, F) of the series (1.15) is
expressed through its periodogram as follows:

(N/2]
I1F|? = > 1 (k/N). (1.20)
k=0

The equality (1.20) implies that the value (1.17) of the periodogram at the point
k/N describes the influence of the harmonic components with frequency w =
k/N into the sum (1.15). Moreover, (1.20) explains the normalizing coefficient
N~ inthe definition (1.16) of the periodogram.

Some other normalizations of the periodograms are known in literature and
could be useful aswell. In particular, using below the periodogram analysis of the
time series for the purposes of SSA, we shall plot the values of H}V(k/N)/N (for
fixed k thisis called powerof the frequency k/N), but we shall keep the name
‘periodogram’ for the corresponding line-plots.

The collection of frequencies w, = k/N with positive powers is called the
supportof the periodogram If the support of a certain periodogram belongs to
someinterval [a, b], then thisinterval is called the frequencyrangeof the series

Asymptotically, for the stationary series, the periodograms approximate the
spectral measures (see Theorem 6.4 of Section 6.4.5).
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Thus, a standard model of a stationary seriesis a sum of a periodic (or quasi-
periodic) series and an aperiodic series possessing a spectral density.

If thelength NV of astationary seriesislarge enough, then the frequencies j /N,
which are close to the most powerful frequencies of the almost periodic compo-
nent of the series, have large values in the periodogram of the series.

For short series the grid {j/N, j = 0,...,[N/2]} isapoor approximation to
the whole range of frequencies [0, 1/2], and the periodogram may badly reflect
the periodic structure of the series components.

(b) Amplitude-modulategderiodicities

The nature of the definition of stationarity is asymptotic. This asymptotic nature
has both advantages (for example, the rigorous mathematical definition alows
illustration of all the concepts by model examples) as well as disadvantages (the
main oneisthat it is not possible to check the stationarity of the series using only
afinite-timeinterva of it).

At the same time, there are numerous deviations from stationarity. We con-
sider only two classes of the nonstationary time series which we describe at a
qualitative level. Specifically, we consider amplitude-modulated periodic series
and series with trends. The choice of these two classesisrelated to their practical
significance and importance for the SSA.

Thetrends are dealt with in the next subsection. Here we discuss the amplitude-
modulatedperiodic signals, that is, series of the form f,, = A(n)g,, where g,, is
a periodic sequence and A(n) > 0. Usually it is assumed that on the given time
interval (0 < n < N — 1) the function A(n) varies much more slowly than the
low-frequency harmonic component of the series g, .

Series of thiskind are typical in economics where the period of the harmonics
gn isrelated to seasonality, but the amplitude modulation is determined by long-
term tendencies.

An explanation of the same sort is suitable for the example ‘War’ of Sec-
tion 1.3.7, where the seasonal component of the combat deaths (Fig. 1.14, bottom
line) seems to be modulated by the intensity of the military activities.

Let us discuss the periodogram analysis of the amplitude-modulated periodic
signals, for the moment restricting ourselves to the amplitude-modulated har-
monic

fn=A(n)cos(2rw+0), n=0,...,N—1 (1.21)
Asarule, the periodogram of the series(1.21) is supported on a short frequency
interval containing w. Thisisnot surprising since, for example, for large w; =~ w-

the sum

cos(2mwin) + cos(2mwan) = 2 cos (ﬂ(wl - wz)n) cos (ﬂ(wl + wg)n)
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isaproduct of aslowly varying sequence
A(n) = 2cos (7‘((0.)1 - wg)n)

and the harmonic with the high frequency (w; + w2)/2.

Notethat for n < 1/2(w; —ws2) the sequence A(n) ispositiveand its oscillatory
nature cannot be seen for small n.

Fig. 1.16 depicts the periodogram of the main seasonal (annual plus quarterly)
component of the series*War’ (Section 1.3.7). We see that the periodogram is sup-
ported around two main seasonal frequencies, but is not precisely concentrated at
these two points. For the ‘War’ series, thisis caused by the amplitude modulation.

However, the above discussion implies that in the general case the appearance
of exactly the same modulation can be caused by two different reasons: either it
can be the ‘true’ modulation, which can be explained by taking into account the
nature of the signal, or the modulation is spurious, with its origin in the closeness
of the frequencies of the harmonic components of the original series.

The other possible reason of spreading around the main frequenciesis the dis-
creteness of the periodogram grid {k/N}: if afrequency w of a harmonic does
not belong to the grid, then it spreads over it.

Note that since the length of the ‘War’ series is proportional to 12, the fre-
quencies w = 1/12 and w = 1/3, which correspond to annual and quarterly
periodicities, fall exactly on the periodogram grid {k/36, k =1,...,18}.

21661
18953
16246
13538
10831

8123

5415

A

1/12 2/12 3/12 4/12 512 6/12

Figure 1.16 War: periodogram of the main seasonality component.

Evidently, not only periodic series can be modulated by the amplitude; the
same can hold for quasi-periodic and chaotic sequences. However, identification
of these cases by means of the periodogram analysis is more difficult.
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(c) Trends

It seems that there is no commonly accepted definition of the concept ‘trend’.
Certainly, the main tendency of the series can be postulated with the help of a
parametric model, and subsequent estimation of the parameters would alow us
to talk about, say, linear, exponential, or logistic trends; see, for instance, Ander-
son (1994, Chapter 3.8). Very often the problem of trend approximation is stated
directly, as a pure approximation problem, without any worry concerning the ten-
dencies. The most popular approximation is polynomial; see, for example, Otnes
and Enochson (1978, Chapter 3.8) or Anderson (1994, Chapter 3.2.1).

For us, thismeaning of the notion ‘trend’ is not suitable just because Basic SSA
isamodel-free, and therefore nonparametric method.

Under the assumption that the series F' is a redlization of a certain random
discrete-time process, £(n), trend is often defined as E£(n), the expectation of
the random process (see, for instance, Diggle, 1990, Section 1.4). We cannot use
this definition since we are working with only one trgjectory and do not have an
ensembl e of trgjectories for averaging.

In principle, the trend of atime series can be described asafunction that reflects
dow, stable, and systematic variation over along period of time; see Kendall and
Stuart (1976, Section 45.12). The notion of trend in this case is related to the
length of the series — from the practical point of view this length is exactly the
‘long period of time'.

Moreover, we have already collected oscillatory components of the seriesinto a
separate class of (centred) stationary series and therefore the term *cyclical trend’
(see Anderson, 1994, Chapter 4) does not suit us. In general, an appropriate defi-
nition of trend for SSA defines the trend as an additive component of the series
whichis(i) not stationary, and (ii) ‘slowly varies' during the whole period of time
that the seriesis being observed (compare Brillinger, 1975, Chapter 2.12).

At thispoint, let us mention some consequences of this understanding of the no-
tion ‘trend’. The most important is the nonuniqueness of the solution to the prob-
lem ‘trend identification’ or ‘trend extraction’ in its nonparametric setup. This
nonuniqueness has already been illustrated by the example ‘ Production’; see Sec-
tion 1.3, where Figs. 1.1-1.2 depict two forms of trend: the trend that describes
the general tendency of the series (Fig. 1.1) and the detailed trend (Fig. 1.2).

Furthermore, for a finite time series, a harmonic component with a low fre-
quency is practically indistinguishable from atrend (it can even be monotone on
afinitetimeinterval). In this case, auxiliary subject-related information about the
series can be decisive for the problem of distinguishing trend from the periodicity.

For instance, even though the reconstructed trend in the example ‘War’ (see
Section 1.3.7 and Fig. 1.14) looks like a periodicity observed over atime interval
that islessthan half of the period, it is clear that there is no question of periodicity
in this case.

In the language of frequencies, trend generates large powers in the low-freg-
uency range of the periodogram.
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Finally, we have assumed that any stationary series is centred. Therefore, the
average of all the terms f,, of any series I’ is always added to its trend. On the
periodogram, a nonzero constant component of the series corresponds to an atom
at zero.

Therefore, a general descriptive model of the series that we consider in the
present monograph is the additive model where the components of the series are
trends, oscillations, and noise components. In addition, the oscillatory compo-
nents are subdivided into periodic and quasi-periodic, while the noise compo-
nents are, as arule, aperiodic series. Both stationarity and amplitude modulation
of the oscillatory and noise components are allowed. The sum of al the additive
components, except for the noise, will be called the signal
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Figure 1.17 Ro% wine:initial timeseriesandthetrend.

Example 1.1 Additivecomponentsftimeseries

Let us consider the ‘Rosé wine' series (monthly rosé wine sales, Australia, from
July 1980 to June 1994, thousands of litres). Fig. 1.17 depictsthe seriesitself (the
thin line) and Fig. 1.18 presents its periodogram.

Fig. 1.17 showsthat the series‘ Rose wine' has adecreasing trend and an annual
seasonality of a complex form. Fig. 1.18 shows the periodogram of the series; it
seems reasonable that the trend is related to large values at the low-frequency
range, and the annual periodicity is related to the peaks at frequencies 1/12, 1/6,
1/4,1/3,1/2.4, and 1/2. The nonregularity of the powers for these frequencies
indicates a complex form of the annual periodicity.

Fig. 1.19 depicts two additive components of the ‘Rosé wine' series: the sea-
sonal component (top graph), which is described by the eigentriples 2-11, 13 and
the residual series (L. = 84). The trend component (thick line in Fig. 1.17) is
reconstructed from the eigentriples 1, 12, and 14.

Periodogram analysis demonstrates that the expansion of the series into three
partsisindeed related to the separation of the spectral rangeinto threeregions: low
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Figure 1.18 Ro% wine: periodogramfor theseries.
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Figure 1.19 Ro< wine: two componentsf theseries.

frequencies correspond to the trend (the thick line in Fig. 1.20), the frequencies
describing the seasonalities correspond to the periodic component (Fig. 1.20, the
thinline), and the residual series (which can be regarded as noise) has all the other
frequencies (Fig. 1.21).

The periodograms of the whole series (see Fig. 1.18), itstrend and the seasonal
component (see Fig. 1.20) are presented in the same scale.

1.4.2 Basic SSA: Classification of the main tasks

Classification of the main tasks, which Basic SSA can be used for, is naturaly
related to the above classification of the time series and their components. It is, of
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Figure 1.20 Ro% wine: periodogramf thetrendandthe seasonatomponent.
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Figure 1.21 Ro< wine: periodogramof theresiduals.

course, neither rigid nor exact, but it helps to understand features of the method
and the main principles for the choice of its parameters in analyzing specific data
sets; see Section 1.6.

1. Trend extraction and smoothing
These two problems are in many ways similar and often cannot be distin-
guished in practice. None of these problems has an exact meaning, unless a
parametric model is assumed. Therefore, alarge number of model-free meth-
ods can be applied to solve each of them. Nevertheless, it is convenient to
distinguish trend extraction and smoothing, at least on a qualitative level.
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e Trendextraction

This problem occurs when we want to obtain more or lessrefined non-oscil -
latory tendency of the series. The trend being extracted, we can investigate
its behaviour, approximate it in a parametric form, and consider its contin-
uation for forecasting purposes.

Note that here we are not interested in whether the residual from the trend
extraction has ‘structure’ (for example, it can contain a certain seasonality)
Or isapure noise series.

Results of trend extraction with the help of Basic SSA can be demonstrated
by the examples‘ Production’ (Section 1.3.1, Figs. 1.1 and 1.2), ‘ Unemploy-
ment’ (Section 1.3.6, Fig. 1.12) and ‘War’ (Section 1.3.7, Fig. 1.14).
In the language of periodograms, trend extraction means extraction of the
low-frequency part of the seriesthat could not be regarded as an oscillatory
one.

e Smoothing
Smoothing a series means representing the series as a sum of two series
where the first one is a ‘smooth approximation’ of it. Note that here we do
not assume anything like existence of the trend and do not pay attention to
the structure of theresiduals: for example, theresidual series may contain a
strong periodicity of small period. In the language of frequencies, to smooth
a series we have to remove al its high-frequency components.
Methods that use weighted moving averages (see Anderson, 1994, Chapter
3.3) or weighted averages depending on time intervals, including the local
polynomial approximation (see Kendall and Stuart, 1976, Chapter 36), per-
fectly correspond to the meaning of the term ‘smoothing’. The same is true
for the median smoothing; see Tukey (1977, Chapter 7).
If aseriesis considered as a sum of atrend and a noise, a smoothing proce-
dure would probably lead to atrend extraction.
The example ‘ Snake’ (Section 1.3.2, Fig. 1.3) shows the smoothing capabil-
ities of Basic SSA. Thereis no distinct border between the trend extraction
and smoothing, and the example ‘ Unemployment’ (Section 1.3.6, Fig. 1.12)
can be considered both for the refined trend extraction and for the result of
acertain smoothing.

2. Extractionof oscillatorycomponents

The genera problem here is identification and separation of the oscillatory
components of the series that do not constitute parts of the trend. In the para-
metric form (under the assumptions of zero trend, finite number of harmonics,
and additive stochastic white noise), this problem is extensively studied in the
classical spectral analysis theory (see, for example, Anderson, 1994, Chap-
ter 4).

The statement of the problem in Basic SSA is specified mostly by the model-
free nature of the method. One of the specificsis that the result of Basic SSA
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extraction of a single harmonic component of aseriesisnot, asarule, apurely
harmonic sequence. Thisis a general feature of the method, it was thoroughly
discussed in the Introduction. From the formal point of view, this means that
in practice we deal with an approximate separability rather than with the exact
one (see Section 1.5).

Also, application of Basic SSA does not require rigid assumptions about the
number of harmonics and their frequencies. For instance, the example ‘Births
(Section 1.3.4) illustrates simultaneous extraction of two (approximately) pe-
riodic components in daily data (the annual and weekly periodicities).

Certainly, auxiliary information about the initial series always makes the sit-
uation clearer and helps in choosing the parameters of the method. For ex-
ample, the assumption that there might be an annua periodicity in monthly
data suggests that the the analyst must pay attention to the frequencies j,/12
(j = 1,...,6). The presence of sharp peaks on the periodogram of the ini-
tial series leads to the assumption that the series contains periodic components
with these frequencies.

Finally, we allow the possibility of amplitude modulation for the oscillatory
components of the series. In examples ‘War’ (Section 1.3.7), ‘ Drunkenness
(Section 1.3.5) and ‘Unemployment’ (Section 1.3.6) the capabilities of Basic
SSA for their extraction have been demonstrated.

The most general problem isthat of finding the whole structure of the series, that
is splitting it into several ‘simple’ and ‘interpretable’ components, and the noise
component.
3. Obtainingtherefinedstructureof a series
According to our basic assumption, any series that we consider can be repre-
sented as the sum of a signal, which itself consists of atrend and oscillations,
and noise.

If the components of the signal are expressed in a parametric form (see, for
instance, Ledemann and Lloyd, 1984, Chapter 18.2) for a parametric model of
seasonal effects), then the main problem of the decomposition of the seriesinto
its components can be formalized. Of course, for the model-free techniques
such asBasic SSA, thisis not so.

The previously discussed problems are similar in the sense that we want to
find a particular component of a series without paying much attention to the
residuals. Our task is now to obtain the whole structure of the signal, that isto
extract itstrend (if any), to find its seasonal components and other periodicities,
and so on. The residuals should be identified as the noise component.

Therefore, we must take care of both the signal and noise. The decomposi-
tion of the signal into components depends, among the other things, on the
interpretability of these components (see the ‘“War’ example of Section 1.3.7).

Asfor theresidual series, we haveto be convinced that it does not contain parts
of the signal. If the noise can be assumed stochastic, then various statistical
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procedures may be applied to test the randomness of the residuals. Due to
its smplicity, the most commonly used model of the noise is the model of
stochastic white noise. From the practical point of view, it isusualy enough to
be sure that the residual series has no evident structure.

These considerations work for the formally simpler problem of noisereduc-
tion, which differs from that discussed above in that here the series is to be
split into two components only, the signal and the noise, and a detailed study
of the signal is not required.

In practice, this setup is very close to the setup of the problem of ‘smoothing’,
especially when the concept ‘noise’ is understood in a broad sense.

For a series with alarge signal-to-noise ratio, the signal generates sharp peaks
at the periodogram of the series. It is sometimes important to remember that if
the frequency range of the noise is wide (as for white noise), then the powers
of the frequencies, relating to these peaks, include the powers of the same
frequencies of the noise. The exception is only when the frequency ranges of
the signal and noise are different.

1.5 Separability

As mentioned above, the main purpose of SSA is adecomposition of the original
series into a sum of series, so that each component in this sum can be identi-
fied as either atrend, periodic or quasi-periodic component (perhaps, amplitude-
modul ated), or noise.

The notion of separability of series plays a fundamental role in the formal-
ization of this problem (see Sections 1.2.3 and 1.2.4). Roughly speaking, SSA
decomposition of the series F' can be successful only if the resulting additive
components of the series are (approximately) separable from each other.

This raises two problems that require discussion:

1. Assumethat we have obtained an SSA decomposition of the series F'. How do
we check the quality of this decomposition? (Note that the notion of separabi-
lity and therefore the present question are meaningful when the window length
Lisfixed.)

2. How, using only the original series, can we predict (at least partialy and ap-
proximately) the results of the SSA decomposition of this series into compo-
nents and the quality of this decomposition?

Of course, the second question is related to the problem of the choice of the
SSA parameters (window length and the grouping manner). We shall therefore
delay the corresponding discussion until the next section. Here we consider the
concept of separability itself, both from the theoretical and the practical view-
points.
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1.5.1 Weakand strongseparability

Let usfix thewindow length L, consider acertain SVD of the L-trajectory matrix
X of theinitial series F' of length IV, and assume that the series F' is a sum of two
series F) and F®), thatis, F = F(U) + F(2),

In this case, separability of the series F'(1) and F(2) means (see Section 1.2.3)
that we can split the matrix terms of the SVD of the trgjectory matrix X into two
different groups, so that the sums of terms within the groups give the trajectory
matrices X(1) and X(?) of the series F(1) and F'(), respectively.

The separability immediately implies (see Section 6.1) that each row of the
trajectory matrix X (1) of thefirst seriesis orthogonal to each row of the trajectory
matrix X(?) of the second series, and the same holds for the columns.

Since rows and columns of trajectory matrices are subseries of the correspond-
ing series, the orthogonality condition for the rows (and columns) of thetrajectory
matrices X(1) and X(2) is just the condition of orthogonality of any subseries of
length L (and K = N — L + 1) of the series F(1) to any subseries of the same
length of the series F(?) (the subseries of the time series must be considered here
as vectors).

If this orthogonality holds, then we shall say that the series F(!) and F(?) are
weaklyseparable A finer (and more desirable in practice) notion of separability
is the notion of strong separability which, in addition to the orthogonality of the
subseries of the two series, puts constraints on the singular values of the matrices
X and X2, This notion is discussed in Section 1.5.4. Note that if all the sin-
gular values of the trgjectory matrix X are different, then the conditions for weak
separability and strong separability coincide. Below, for brevity, we shall use the
term ‘separability’ for ‘weak separability’.

The condition of (weak) separability can be stated in terms of orthogonality
of subspaces as follows: the series F(") and F(?) are separable if and only if
the subspace gt spanned by the columns of the trajectory matrix XV, is
orthogonal to the subspace g2 spanned by the columns of the trajectory matrix
X2 and similar orthogonality must hold for the subspaces £%1) and £(%+?)
spanned by the rows of the trajectory matrices.

Example 1.2 Weakseparability

Let usillustrate the notion of separability in the language of geometry. Consider

the series F = F() 4+ F® with elements £, = £ + £ where £V = a7,
2 = (=1/a)",a = 1.05and 0 < n < 27. Let L = 2, then the series F(1) and

F®) are (weakly) separable.

The two-dimensional phase diagram of the series F, that is the plot of the vec-
tors X, .1 = (fn, fur1)"®, is shown in Fig. 1.22 in addition to both principal
directions of the SVD of the trgjectory matrix of £. Since the principal directions
are determined by the eigenvectors, they are proportional to the vectors (1, 1.05)T
and (1.05, —1)™. The projection of the vectors X, on the first of these directions
fully determines the series F() and ‘annihilates’ the series F(?), while the pro-
jection of these vectors on the second principal direction has the opposite effect:
the series F(?) is|eft untouched and F(!) disappears.
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Figure 1.22 Separability:two-dimensionaphasediagramof theseries.

Since a similar phenomenon holds also for the K -dimensional phase diagram
of the series (K = 27), Fig. 1.22 provides us with a simple geometrical interpre-
tation of separability.

L et us give one more separability condition, whichisonly anecessary condition
(it is not sufficient). This condition is very clear and easy to check.
Let L* = min(L, K) and K* = max(L, K). Introduce the weights

i+1 for0<i<L*-—1,
w; = L* for L* <i< K*, (1.22)
N—i for K*<i{<N-—-1.

Define the inner product of series F(1) and F(®) of length N as

N-1

(FO,F®), E 3w (1:23)
=0

and call the series F(1) and F(?) w-orthogonalif
(FOF@) =o.

It can be shown (see Section 6.2) that separability implies w-orthogonality.
Therefore, if the series F is split into a sum of separable series F(1) ... F(m),
then this sum can be interpreted as an expansion of the series F' with respect to
a certain w-orthonormal basis, generated by the original seriesitself. Expansions
of thiskind are typical in linear algebra and analysis.

The window length L enters the definition of w-orthogonality; see (1.22). The
weights in the inner product (1.23) have the form of a trapezium. If L is small
relativeto NV, then aimost all the weights are equal, but for L ~ N/2 theinfluence
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of the central terms in the series is much higher than of those close to the end-
pointsin thetime interval.

1.5.2 Approximate and asymptotic separability

Exact separability does not happen for real-life series and in practice we can talk
only about approximate separability. Let us discuss the characteristics that reflect
the degree of separability, leaving for the moment questions relating to the singu-
lar values of the trgjectory matrices.

In the case of exact separability, the orthogonality of rows and columns of the
trajectory matrices X (1) and X (2) means that all pairwise inner products of their
rows and columns are zero. In statistical language, this means that the noncentral
covariances (and therefore, noncentral correlations — the cosines of the angles
between the corresponding vectors) are all zero. (Below, for brevity, when talking
about covariances and correlations, we shall drop the word ‘ noncentral’.)

Thisimpliesthat we can consider as acharacteristic of separability of two series
F® and F(2) themaximum correlation coefficiept™ ), that is the maximum of
the absolute value of the correlations between the rows and between the columns
of the trajectory matrices of these two series (asusual, K = N — L + 1).

We shall say that two series F'(1) and F'(?) are approximately separablé all
the correlations between the rows and the columns of the trajectory matrices X (1)
and X are close to zero.

Let us consider other characteristics of the quality of separability. The follow-
ing quantity (called the weighted correlatioror w-correlation) is a natural mea-
sure of deviation of two series F(1) and F(?) from w-orthogonality:

(w) (F<1)7F(2))u) 124
P2 = O, [FO, 29
where | FO|,, = /(FO,F®) i=1,2.

If the absolute value of the w-correlationissmall, then the two series are almost
w-orthogonal, but, if it is large, then the series are far from being w-orthogonal
and are therefore badly separable.

For long (formally, for infinitely long) series it is convenient to introduce the
notion of asymptotic separability. Consider two infinite series F(*) and F() and
denote by F](Vl) and F](VQ) the finite series consisting of the first N elements of the
series F(1) and F(?), Assume also that the window length L is a function of the
serieslength N.

We shall say that the series F(1) and F(?) are asymptotically separabli the
maximum p(&%) of the absolute values of the correlation coefficients between
the rows/columns of the trajectory matrices of the series F](Vl) and F](VQ) tends to
zero, as N — oo. The standard behaviour of the window length L = L(N) inthe
definition of the asymptotic separability issuch that L, K — oo.
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From the practical viewpoint, the effect of the asymptotic separability becomes
apparent in the analysis of long series and means that two asymptotically separa-
ble series are approximately separable for large V.

Section 6.1 contains several analytical examples of both exact and asymptotic
separability. These examples show that the class of asymptotically separable se-
ries is much wider than the class of series that are exactly separable, and the
conditions on the choice of the window length L are much weaker in the case of
asymptotic separability.

For instance, exact separability of two harmonics with different periods can
be achieved when both periods are divisors of both the window length L and
K = N — L + 1. Thisrequires, in particular, that the quotient of the periodsis
rational.

Another example of exact separability isprovided by the series fr(ll) = exp(an)
and f{? = exp(—a) cos(2wn/T) with an integer T'. (We thus deal with the ex-
ponentia trend and an amplitude-modulated harmonic.) Here separability holds
if the window length L and K are proportional to T'.

Conditions for asymptotic separability are much weaker. In particular, two har-
monics with arbitrary different frequencies are asymptotically separable as soon
as L and K tend to infinity. Moreover, under the same conditions the periodic
components are asymptotically separable from the trends of a genera form (for
example, from exponentials and polynomials).

1.5.3 Separability and Fourier expansions

Since separability of series is described in terms of orthogonality of their sub-
series, and the inner product of series can be expressed in terms of the coefficients
in the Fourier expansion (1.19), new separability characteristics related to these
expansions can be introduced.

In the expansion (1.19), the terms d;, defined in (1.18) have the meaning of the
welghts of the frequencies /N in the inner product (1.19). If all the dj. are zero,
then the series are orthogonal and this can be interpreted in terms of the Fourier
expansion: each frequency k/N makes a zero input into the inner product.

On the other hand, if TIY (k/N) TI}; (k/N) = 0 for &l k, then, since

sl < /T (k/N) T (R/V), (1.25)

all thed), are zero and the orthogonality of the series hasthe following explanation
in terms of the periodograms: in this case the supports of the periodograms of the
series (V) and F(?) do not intersect.

Thus, we can formulate the following sufficient separability condition in terms
of periodograms: if for each subseries of length L (and K as well) of the series
F) the frequency range of its periodogram is disjoint from the frequency range
of the periodogram of each subseries of the same length of the series F(2), then
the two series are exactly separable.
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In this language, the above (sufficient) conditions for separability of two finite
harmonic series with different integer periods 77 and T, become obvious: if

L= lel = ]{22T2, K = m1T1 = m2T2

withinteger k1, k2, m1, mo, then for any subseries of length L of thefirst seriesits
periodogram must contain just one frequency w§L) = 1/k, and at the same time

the corresponding frequency for the second series must be equal wéL ) =1 / k2. For
the subseries of length K, the analogous condition must hold for the frequencies
wEK) =1/m; and wéK) = 1/mao.

For stationary series, the analogous conditions for asymptotic separability are:
if the supports of the spectral measures of stationary series are disjoint, then these
series are asymptotically separable as . — oo and K — oo (see Section 6.4.4).

The simplest example of thissituation is provided by the sum of two harmonics
with different frequencies.

When we deal with an approximate orthogonality of the series rather than with
the exact one, we can use the characteristics describing the degree of dioint-
ness of the supports of the periodograms, such that their smallness guarantees the
smallness of the correlation coefficient between the series. Indeed, the formulae
(1.18), (1.20) and (1.25) yield

‘(F(1)7F(2))’ < q)(N)(F(l)7F(2))

[N/2]
= > \/H}\i(k/N)H}\g(k/N) < |[FO|||F].
k=0
Therefore,
(TT) def SN (P p2))

19 (1.26)
(N/2] (N/2]
\/ki—:o H% (k/N)\/ k:z::O H% (/)

can be taken as a natural measure of the spectral orthogonality of the series F}
and F». We shall call this characteristic the spectral correlation coefficienObvi-
ously, the value of the spectral correlation coefficient is between 0 and 1, and the
absolute value of the standard correlation coefficient between the series F; and
F, does not exceed pg).

Therefore, smallness of the spectral correlation coefficients between all the sub-
series of length L (and K aswell) of the series F(1) and F(?) is a sufficient con-
dition for approximate separability of these series.

For this condition to hold, it is not necessary that the series F(1) and F'?) be
subseries of stationary series. For example, if one of the seriesisasum of aslowly
varying monotone trend and a noise, while the other series is a high-frequency
oscillatory series, then for a sufficiently large NV and L < N/2 we have every
reason to expect approximate separability of these two series.
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Indeed, when L and K are sufficiently large, the periodogram of any subseries
of thefirst seriesis mostly supported at the low-frequency range, while the main
support of the periodogram of the subseries of the second seriesisin the range of
high frequencies. Thisimplies smallness of the spectral correlation coefficients.

We consider another similar example. Assume that the average values of all
the subseries of the series F(1) are large, the average values of the corresponding
subseries of F(2) are close to zero, and the amplitudes of all the harmonic com-
ponents of the series F'(1) and F(?) are small. Then it is easy to see that all the
spectral correlations (1.26) are small.

This example explains the approximate separation of ‘large’ signals F() from
series F(?) that oscillate rapidly around zero (a phenomenon that is regularly
observed in practice). Note that the conditions imposed on F(?) in this example
aretypical for finite subseries of aperiodic series.

Thus, in many cases a qualitative analysis of the periodograms of the series
provides an insight into their separability features. At the same time, smallness
of the spectral correlation coefficients provides only a sufficient condition for ap-
proximate separability and it is not difficult to construct examples where exact
separability takes place, but the spectral correlation coefficients are large.

Example 1.3 Separability and spectral correlation
Let N = 399, a = 1.005, T = 200 and the terms of the series F(V) and F(?) are

fO =g f2 =g cos(2nn/T).

n

It can be shown that the choice of the window length L. = 200 (hence, K = 200)
leads to the exact separability of the series.

At the sametime, the periodogram analysis does not suggest exact separability:
the frequency ranges of the two series significantly intersect and the maximum
spectral correlation coefficients between their subseries equals 0.43.

Thus, for afixed window length L we have several characteristics of the quality
of (weak) separability, related to the rows and columns of the trajectory matrices:

1. Cross-correlation matrices between the rows (and columns) of the trajectory
matrices.If al the correlations are zero, then we have exact separability, while
the smallness of their absolute values corresponds to approximate separability.

2. Weighted correlation coefficient’ between time serie") and F(2) de-
fined by(1.24). The equality p%’) = 0 isanecessary (but not sufficient) condi-
tion for separability. Irrespective of separability, the expansion of atime series
onto w-uncorrelated or approximately w-uncorrelated componentsis a highly
desirable property.

3. Matrices of spectral correlations between the rows (and columns) of the tra-
jectory matrices The vanishing of all the spectral correlations is a sufficient
(but not necessary) condition for separability. Smallness of these correlations
implies approximate separability. In the latter case, this separability has a use-
ful interpretation in the language of periodograms: the frequency ranges (with
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an account of their powers) of all the subseries of length L (or K) of the series
are amost digjoint.

1.5.4 Strong separability

The criteriafor (weak) separability of two seriesfor afixed window length give a
solution to the problem that can be stated as follows: ‘ Does the sum of the SVDs
of the trajectory matrices of the series F(1) and F(?) coincide with one ofthe
SVDs of the trgjectory matrix of the series FF = F(1) 4 (27

Another question, closer to practical needs, can be stated asfollows: ‘Isit pos-
sible to group the matrix terms of any SV D of thetrgjectory matrix X of the series
F =F®M 1+ F®) to obtain the trajectory matrices of the series F(1) and F(2)?

If the answer to this question is the affirmative, then we shall say that the se-
ries F(1) and F(® are strongly separablelt is clear that if the series are weakly
separable and al the singular values of the trgjectory matrix X are different, then
strong separability holds.

Moreover, strong separability of two series F(1) and F(?) is equivalent to
the fulfillment of the following two conditions: (a) the series F(\) and F'(?) are
weakly separable, and (b) the collections of the singular values of the trajectory
matrices X (1) and X(2) are digjoint.

Let us comment on this. Assume that

x@) — ZX](;), X2 — ng)
k m

arethe SVDs of the trajectory matrices X (1) and X (2) of the series F/(1) and F(2),
respectively. If the series are weakly separable, then

T R
k m

isthe SVD of the trajectory matrix X of theseries F = F(1) 4+ F(2),

Assume now that the singular values corresponding to the elementary matrices
X" and X{? coincide. This means that using the SVD of the matrix X we
cannot uniquely identify the terms X" and X!? in the sum X{" + X (¥ since
these two matrices correspond to the same eigenvalue of the matrix XX T.

To illustrate this discussion, let us consider a simple example.

Example 1.4 Weak and strong separability
Let N =3, L = K = 2 and consider the series

FO =(1,-a,a®), FP=(1,a"Ya72), a#0.

In this case, the matrices X(*) and X2 are

1 —a 1 a~t
X (—a a2>’ X (a_l a_2>'
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Checking the weak separability of the series is easy. At the same time, the
matrices X (X™M)T and X ) (X ()T have only one positive eigenvalue each,
and the singular values of the matrices X! and X(?) are

VA =144% VB =144a72,

respectively. Thus, for any a # 1 the series F(1) and F(®) are strongly separa-
ble, but for a = 1 these series are only weakly separable; they loose the strong
separability.

Indeed, if a # 1, then the SVD of the trajectory matrix X of the series F(1) +
F® isuniquely defined and has the form

B 2 —a+a?
X_(—a—i—a_l a?+a? >
=1+ UV + (1 +a2)UVy =XB 4 X®
( 1 2 )

whereU; = V) = (1,—a)T//(1+a2) and Uy =Vo=(1,a 1T/ /(1 + a~2).

At the sametime, when a = 1 there are infinitely many SVDs of the matrix X:

X = ( (2) X ) — UV + 2T,V
where {U1, Uz} isan arbitrary orthonormal basisin R%,V, = XTU,/2and Vs, =
XTU,/2. From al these SVDs only one is acceptable, the one corresponding
toU; = (1,1)"/v/2 and Uy = (1,-1)"/v/2. This SVD gives us the required
decomposition X = X1 + X2,

In practice, the lack of strong separability (under the presence of the weak
separability, perhaps, approximate) becomes essential when the matrix XX has
two close eigenvalues. This leads to an instability of the SVD computations. Let
us return to the example of the asymptotic separability of the harmonic series F(1)
and F(® with

(2) — cos(2mwan),

f,(Ll) = cos(2rwin), A

wherew; # wp and L, K — oo.

Asdemonstrated in Section 5.1, for al L and K the SVD of the trajectory ma-
trix of each of the series F(1), F(2) consists of two terms so that the eigen and
factor vectors are the harmonic series with the same frequency as the original se-
ries (however, the phase of the harmonics may differ from the phasein the original
series). Also, the singular values asymptotically (when L, K — oo) coincide and
do not depend on the frequencies of the harmonics.

Moreover, the series F(1) and F(?) are asymptotically separable, and, since
these series have the same amplitude, asymptotically al four singular values are
equal. Therefore, even when N, L, and K are large, we cannot as arule separate
the periodicities (1) and F(?) out of thesum F = F(Y) + F®) (if, of course, we
do not use specid rotations in the four-dimensional eigenspace of the trajectory
matrix X of the series F).
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Another way to deal with the case of equal singular valuesis described in Sec-
tion 1.7.3. It is based on the simple fact that if the series F(1) are F(?) weakly
separable, then we can always find a constant ¢ # 0 such that the series F(1) and
cF () are strongly separable.

The presence of close singular values is the reason why SSA often fails to
decompose the component consisting of many harmonics with similar weights. If
these weights are small, then it may be natural to consider such components as
the noise components.

1.6 Choice of SSA parameters

In this section we discuss the role of the parameters in Basic SSA and the prin-
ciples for their selection. As was mentioned in Section 1.4.1, we assume that
the time series under consideration can be regarded as a sum of a slowly vary-
ing trend, different oscillatory components, and a noise. The time series analysis
issues related to this assumption were discussed in Section 1.4.2.

Certainly, the choice of parameters depends on the data we have and the analy-
siswe have to perform. We discuss the sel ection issues separately for all the main
problems of time series analysis.

There are two parameters in Basic SSA: the first is an integer L, the window
length, and the second parameter is structural; loosely speaking, it is the way of
grouping.

1.6.1 Groupingeffects

Assume that the window length L isfixed and we have already made the SVD of
the trajectory matrix of the original time series. The next step isto group the SVD
termsin order to solve one of the problems discussed in Section 1.4.2. We suppose
that this problem has a solution; that is, the corresponding terms can be found in
the SVD, and the result of the proper grouping would lead to the (approximate)
separation of the time series components (see Section 1.5).

Therefore, we have to decide what the proper grouping is and how to find the
proper groups of the eigentriples. In other words, we need to identify an eigen-
triple corresponding to the related time series component. Since each eigentriple
consists of an eigenvector (left singular vector), a factor vector (right singular
vector) and a singular value, this is to be achieved using only the information
contained in these vectors (considered as time series) and the singular values.

(a) Generalissues

We start by mentioning several purely theoretical results about the eigentriples of
several ‘simple’ time series (see Section 5.1).
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Exponential-cosine sequences
Consider the series

f(n) = Ae®" cos(2mwn + ¢), (1.27)

we0,1/2],¢ € [0,27) and denote T' = 1 /w.

Depending on the parameters, the exponential-cosine sequence produces the
following eigentriples:

1. Exponentially modulated harmonic time series with a frequeney(0,1/2)
If w € (0,1/2), then for any L and N the SVD of the trgjectory matrix has
two terms. Both eigenvectors (and factor vectors) have the same form (1.27)
with the same frequency w and the exponential rate «. If o < 0 then for large
N, Land K = N — L + 1, both singular values are close (formally they
asymptotically coincide for L, K — o0). Practically, they are close enough
when L and K are severa timesgreater than 7' = 1/w.

2. Exponentially modulated saw-tooth curiee = 1/2)
If w=1/2andsin(¢) # 0, then f,, isproportional to (—e®)™. In this case for
any L the corresponding SVD has just one term. Both singular vectors have
the same form asthe initial series.

3. Exponential sequende) = 0)
If w = 0 and cos(¢) # 0, then f,, is proportiona to e®”™ and we have an
exponentia series. For any N and window length L, the trajectory matrix of
the exponential series has only one eigentriple. Both singular vectors of this
eigentriple are exponential with the same parameter «.

4. Harmonic seriega = 0)
If « = 0 and w # 0, then the seriesis a pure harmonic one. The eigenvectors
and factor vectors are harmonic serieswith the samew. If w # 1/2 and T' =
1/wisadivisor of K and L, then both singular values coincide.

Polynomial series
Consider a polynomial series of the form

fn = Zaknk, am # 0.
k=0

1. General case
If f, isapolynomial of degree m, then the order of the corresponding SVD
does not exceed m + 1 and al the singular vectors are polynomials too; also
their degrees do not exceed m.

2. Linear series
For alinear series

fn:an+ba a;«éO,

with arbitrary N and L the SVD of the L-trgjectory matrix consists of two
terms. All singular vectors are also linear series with the same |a|.
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Note that the exponential-cosine and linear series (in addition to the sum of
two exponential series with different rates) are the only series that have at most
two terms in the SVD of their trgectory matrices for any series length N and
window length L > 2 (see the proofsin Section 5.1). Thisfact helpsin their SSA
identification as components of more complex series.

Let us now turn to the various different grouping problems and the correspond-
ing grouping principles. We start with mentioning several general rules.

1. If we reconstruct a component of a time series with the help of just one eigen-
triple and both singular vectors of this eigentriple have a similar form, then
the reconstructed component will have approximately the same form.

This means that when dealing with asingle eigentriple we can often predict the
behaviour of the corresponding component of the series. For example, if both
singular vectors of an eigentriple resemble linear series with similar slopes,
then the corresponding component is also amost linear. If the singular vectors
have the form of the same exponentia series, then the trend has asimilar form.
Harmonic-like singular vectors produce harmonic-like components (compare
thiswith the results for exponential -cosine series presented at the beginning of
this section).

The conservation law under discussion can be extended to incorporate mono-
tonicity (monotone singular vectors generate monotone components of the se-
ries) aswell as some other properties of time series.

2. If L « K then the factor vector in an eigentriple has a greater similarity
with the component, reconstructed from this eigentriple, than the eigenvector
Consequently we can approximately predict the result of reconstruction from
asingle eigentriple with the help of its factor vector.

3. If we reconstruct a series with the help of several eigentriples, and the peri-
odograms of their singular vectors are (approximately) supported on the same
frequency intervala, b], then the frequency power of the reconstructed series
will be mainly supported ofu, b]. This feature is analogous to that in item 1
but concerns several eigentriples and is formulated in terms of the Fourier ex-
pansions.

4. The larger the singular value of the eigentriple is, the bigger the weight of the
corresponding component of the seriBsughly speaking, thisweight may be
considered as being proportional to the singular value.

Now let us turn to the SSA problems.

(b) Grouping for extraction of trends and smoothing

1. Trends
According to our definition, trend is a slowly varying component of atime series
which does not contain oscillatory components. Assume that the time series itself
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is such a component alone. Practice shows that in this case, one or more lead-
ing singular vectors will be slowly varying as well. Exponential and polynomial
sequences are good examples of this situation.

For ageneral series F' wetypically assumethat itstrend component F(1) is (ap-
proximately) strongly separable from all the other components. This means that
among the eigentriples of the series F', there are eigentriples that approximately
correspond to the SVD components of the series F/(1),

1(99.703%)

I 13 25 37 49 61 73 85 97 109 121 133 145 157 169
2(0.157%)

1 13 25 37 49 61 73 85 97 109 121 133 145 157 169
3(0.034%)

1 13 25 37 49 61 73 85 97 109 121 133 145 157 169

Figure 1.23 Production:threefactor vectorsof the ‘accuratetrend’.

Thus, to extracta trend of a serieswehaveto collectall the elementarymatri-
cesrelatedto slowlyvaryingsingularvectors.

The ordinal numbers of these eigentriples depend not only on the trend F(1)
itself, but on the ‘residual series F(?) = F — F(1) also. Consider two different
extremes. Firgt, let the series F have astrong trend tendency F(1) with arelatively
small oscillatory-and-noise component F(2). Then most of the trend eigentriples
will have the leading positionsin the SVD of the whole series F'. Certainly, some
of these eigentriples can have small singular values, especially if we are looking
for amore or less refined trend.

For instance, in the ‘ Production” example (Section 1.3.1, Fig. 1.2) areasonably
accurate trend is described by the three leading el gentriples, and the singular value
in the third eigentriple is five times smaller than the second one. The correspond-
ing factor vectors are shown at Fig. 1.23.

The other extreme is the situation where we deal with high oscillations on the
background of a small and slow general tendency. Here, the leading elementary
matrices describe oscillations, while the trend eigentriples can have small singular
values (and therefore can be far from the top in the ordered list of the eigentriples).

2. Smoothing
The problem of smoothing may seem similar to that of trend extraction but it has
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6(0.155%)

1 38 75 112 149 186 223 260 297 334 371 408 445 482 519
7(0.141%)

fn /\V\/\ N\ A/\
LA A VAR VAV A VARV

1 38 75 112 149 186 223 260 297 334 371 408 445 482 519
8(0.127%)

N fna M Ao i) Mm/\ Nan NN A
IVATAATRIAL vvvw\/\/\/vv\/\/wvvv AV

1 38 75 112 149 186 223 260 297 334 371 408 445 482 519

Figure 1.24 Treerings: factor vectorswith ordinal numberss, 7, and 8.

its own specifics. In particular, we can smooth any time series, even if it does
not have an obvious trend component (the example ‘ Tree rings' in Section 1.3.2
isjust one of this sort). That means that for the extraction of a trend, we collect
al the eigentriples corresponding to a slowly varying (but not oscillatory) part of
the series; at the same time a smoothed component of a series is composed of a
collection of the eigentriples whose singular vectors do not oscillate rapidly.

Inthe ‘Treerings example (Section 1.3.2, Fig. 1.3) seven leading eigentriples
corresponding to low frequencies were chosen for smoothing. Fig. 1.24 demon-
strates factor vectors with numbers 6, 7, and 8. The sixth factor vector is dowly
varying, and therefore it is selected for smoothing, while the eighth one corre-
sponds to rather high frequencies and is omitted. As for the 7th factor vector, it
demonstrates mixing of rather low (0-0.05) and high (approximately 0.08) fre-
guencies. To include all low frequencies, the seventh eigentriple was also selected
for smoothing.

For relatively long series, periodogram analysis serves as a good description
of the matter. Periodograms (see Figs. 1.25 and 1.26) confirm that smoothing in
the ‘Tree rings example splits the frequencies into two parts rather well. The
small intersection of the frequency ranges for the result of the smoothing and the
residual is due to mixing of some of the frequencies in some of the eigentriples
(see the 7th factor vector in Fig. 1.24).

(c) Grouping for oscillations

1. Harmonic series

Let us start with a pure harmonic with a frequency w and a certain phase and
amplitude. Since we assume that such a component F(1) in the original series
is approximately strongly separable from F(?) = F — F(1) we may hope that
two (or one if w = 1/2) SVD eigentriples of the trgjectory matrix generated by
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Figure 1.25 Tree rings: periodogram of smoothed series.
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Figure 1.26 Tree rings: periodogram of smoothing residuals.

F correspond to F(1), The problem is, therefore, to identify these eigentriples
among all other eigentriples generated by F'.

Let w # 1/2. Aswas stated in the example of the exponential-cosine function,
the pure harmonic corresponding to (1.27) with o = 0 generates an SVD of order
two with the singular vectors having the same harmonic form.

Consider the ideal situation where T = 1/w isadivisor of the window length
Land K = N — L+ 1. SinceT isaninteger, it isaperiod of the harmonic.

Let ustake, for definiteness, the left singular vectors (that is, the eigenvectors).
In the ideal situation described above, the eigenvectors have the form of sine and
cosine sequences with the same T' and the same phases. The factor vectors are
also of the same form.
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Thus, the identification of the components that are generated by a harmonic is
reduced to the determination of these pairs. Viewing the pairwise scatterplots of
the eigenvectors (and factor vectors) simplifies the search for these pairs; indeed,

the pure sine and cosine with equal frequencies, amplitudes, and phases create the
scatterplot with the points lying on acircle.

Figure 1.27 Scatterplots of sines/cosines.

2(5.121%) - 3(4.849%) 4(0.174%) - 5(0.165%)

| }\\ <
6(0.067%) - 7(0.063%) 8(0.021%) - 9(0.020%)

N
A\ 7

Figure 1.28 Eggs: scatterplots of paired harmonic factor vectors.

If T = 1/w is an integer, then these points are the vertices of the regular
T-vertex polygon. For the rational frequency w = ¢/p < 1/2 with relatively
prime integers p and ¢, the points are the vertices of the regular p-vertex poly-
gon. Fig. 1.27 depicts scatterplots of four pairs of sin/cosine sequences with zero
phases, the same amplitudes and frequencies 1/12, 10/53, 2/5, and 5/12.
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Small deviations from this ideal situation would imply that the points in the
scatterplots are no longer exactly the vertices of the regular p-vertex polygon, al-
though staying reasonably close to them. As an example, Fig. 1.28 provides scat-
terplotsof paired factor vectorsinthe‘ Eggs example (Section 1.3.3), correspond-
ing to the harmonics with the frequencies 1/12, 2/12,3/12 and 5/12 = 1/2 4.

Therefore, an analysis of the pairwise scatterplots of the singular vectors allows
one to visualy identify those eigentriples that correspond to the harmonic com-
ponents of the series, provided these components are separable from the residual
component.

In practice, the singular values of the two eigentriples of a harmonic series are
often close to each other, and this fact simplifies the visual identification of the
harmonic components. (In this case, the corresponding eigentriples are, asarule,
consecutive in the SVD order.) Such a situation typically occurs when, say, both
L and K are severa times greater than 1/w.

Alternatively, if the period of the harmonic is comparableto IV, then the corres-
ponding singular values may not be close and therefore the two eigentriples may
not be consecutive. The same effect often happens when the two singular values
of a harmonic component are small and comparable with the singular values of
the components of the noise.

The series F' may contain several purely harmonic components, and the fre-
guency of each one should be identified using the corresponding pair of eigen-
triples. In easy casesit is a straightforward operation (see, for example, the scat-
terplot of period 12 at Fig. 1.28). In more complex cases, the periodogram analysis
applied to the singular vectors often helps.

One more method of approximate identification of the frequency, which can
be useful even for short series, is as follows. Consider two eigentriples, which
approximately describe a harmonic component with frequency wq. Then the scat-
terplot of their eigenvectors can be expressed as a two-dimensional curve with
Euclidean components of the form

z(n) = r(n) cos(2rw(n)n + ¢(n))
y(n) = r(n)sin(2ro(m)n + ¢(n))

where the functions r, w and ¢ are close to constants and w(n) ~ wq. The polar

coordinates of the curve verticesare (r(n), (n)) with 6(n) = 2rw(n)n + ¢(n).

Since A, def d(n+1)—d(n) = 2wwy, One can estimate w, by averaging polar

angleincrements A,, (n = 0,..., L — 1). The same procedure can be applied to
apair of factor vectors.

If the period of the harmonic is equal to 2, that isw = 1/2, then the situation
issimpler sincein this case the SVD of this harmonic consists of only one eigen-
triple, and the corresponding eigenvector and factor vector have a saw-tooth form.
Usually the identification of such vectorsis easy.

2. Grouping for identification of a general periodic component
Consider now the more comprehensive case of extraction of a general periodic
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component F'(!) out of the series F. If the integer 7" is the period of this compo-
nent, then according to Section 1.4.1,

[T/2] [7/2]
= Z ay cos(2mkn/T) + Z by sin(2mkn/T). (1.28)
k=1 k=1

Hence (see Section 5.1), there are at most 1" — 1 matrix componentsin the SVD of
the trajectory matrix of the series F'(Y), for any window length L > 7'—1. More-
over, for large L the harmonic components in the sum (1.28) are approximately
strongly separable, assuming their powers a; + b7 are al different.
In this case, each of these components produces either two (for & # T/2) or
one (for k = T'/2) eigentriples with singular vectors of the same harmonic kind.
Therefore, under the assumptions:

(a) the series F(1) s (approximately) strongly separable from F() in the sum

F =F® 4+ F® for thewindow length L,

(b) al the nonzero powers a? + b2 in the expansion (1.28) are different, and

(c) L islarge enough,
we should be able to approximately separate all the eigentriples, corresponding to
the periodic series F(1) in the SVD of the trajectory matrix of the whole series F.

To perform this separation, it is enough to identify the eigentriples that cor-
respond to all the harmonics with frequencies k/T (this operation has been de-
scribed above in the section ‘Grouping for oscillations: Harmonic series’) and
group them.

For instance, if it is known that there is a seasonal component in the series F
and the data is monthly, then one must look at periodicitieswith frequencies 1/12
(annua), 1/6 (half-year), 1/4, 1/3 (quarterly), 1/2.4, and 1/2. Of course, some
of these periodicities may be missing.

Inthe example'Eggs’ (see Section 1.3.3), al the above-mentioned periodicities
are present; they can all be approximately separated for the window length 12.

If some of the nonzero powers in (1.28) coincide, then the problem of identi-
fication of the eigentriples in the SVD of the series F' has certain specifics. For
instance, suppose that a? + b? = a3 + b2. If L islarge, then four of the singular
values in the SVD of the trgjectory matrix of the series F' are (approximately)
the same, and the corresponding singular vectors are linear combinations of the
harmonics with two frequencies: w; = 1/T andwy = 2/T.

Therefore, the components with these frequencies are not strongly separable. In
this case, the periodogram analysis of the singular vectors may help alot; if their
periodograms have sharp peaks at around the frequencies w; and w-, then the
corresponding eigentriples must be regarded as those related to the series F(1).

Figs. 1.29 and 1.30 depict the periodograms of the sixth and the eighth eigen-
vectorsfrom the example ‘ Rosé wine’ (Section 1.4.1, Fig. 1.17). Dueto the close-
ness of the singular values in the eigentriples 6-9 (the eigenvalue shares for these
eigentripleslie between 0.349% and 0.385%) the harmonics (mostly, with the fre-
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Figure 1.29 Ro% wine: periodogram of the sixth eigenvector.
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Figure 1.30 Ro% wine: periodogram of the eighth eigenvector.

guencies 4/12 and 5/12) are being mixed up, and this is perfectly reflected in the
periodograms provided.

3. Modulated periodicities

The case of amplitude-modulated periodicity is much more complex since we do
not assume the exact form of modulation. However, the example of the exponen-
tially modulated harmonic (1.27) with o # 0 shows that sometimes identification
of the components of such signals can be performed. Let us start with this se-
ries. Being one of the simplest, the exponentially modulated harmonic can be
considered as an additive component of some econometric series describing an
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Figure 1.31 Hotels:spiral in the scatterplotof factor vectors.

exponential growth associated with an exponentially modulated seasonal oscilla-
tion.

On the whole, the situation here is analogous to the case of a pure harmonic
series. If the frequency is not 1/2 and the window length L islarge, then we have
two eigentriples with approximately equal singular values, both being character-
ized by the singular vectors of the same exponential-cosine shape. Therefore, the
scatterplots of these pairs of eigen/factor vectors have the form of a spiral and
visually are easily distinguishable.

For instance, Fig. 1.31 depictsthe scatterpl ot of the second and third factor vec-
tors corresponding to the annual periodicity with increasing amplitude in the se-
ries‘Hotels' for L = 48 (description of this series can be found in Section 1.7.1).

If the period of the harmonicis 2, then the seriesis f,, = (—a)", wherea = e®.
The singular vectors of the single eigentriple, created by this series, have exactly
the same shape as the modulated saw-tooth curve. Of course, visual identification
of this seriesis also not difficult.

If the series modulating the pure harmonic is not exponential, then the extrac-
tion of the corresponding components is much more difficult (see the theoretical
results of Section 5.1 concerning the general form of infinite series that generate
finite SVDs of their trajectory matrices). Let us, however, describe the situation
when the identification of the componentsis possible.

As we aready mentioned in Section 1.4.1, if the amplitude of the modulated
harmonic F'(!) varies slowly, then the range of frequenciesis concentrated around
the main freguency, which can clearly be seen in the periodogram of this modu-
lated harmonic. If the window length L and K = N — L + 1 are large, then all
the singular vectors of this series will have the same property.

Therefore, if the series F(1) is (approximately) strongly separable from a series
F® inthesum F = F() 4+ F ), then one can expect that the frequency interval
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of F(?) hasasmall (in terms of powers) intersection with the frequency interval
of the modulated harmonic F(V). Thus, by analyzing periodograms of the singular
vectorsin all the eigentriples of the series F', one can hopeto identify the majority
of those that (approximately) describe F(1),

The situation is similar when an arbitrary periodic (not necessarily harmonic)
signal is being modulated. In this case, each term in the sum (1.28) is multiplied
by the function modulating the amplitude, and every frequency k/T givesriseto
agroup of neighbouring frequencies. Under the condition that () and F(®) are
strongly separable, one should look for singular vectors in the SVD of the series
F such that their periodograms are concentrated around the frequencies & /T'.

0.005

0.004

0.003

0.002

0.001

Figure 1.32 Unemployment: periodogram of the 4th eigenvector (in periods).
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Figure 1.33 Unemployment: periodogram of the 12th eigenvector (in periods).
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In the example ‘Unemployment’ (Section 1.3.6) the modulated annual period-
icity generates, in particular, the pairs of eigentriples 3-4 and 12-13. Figs. 1.32
and 1.33 depict the periodograms of the fourth and the twelfth eigenvectors, de-
scribing the main frequency 1/12 and close frequencies, respectively. These fi-
gures demonstrate the typical shape of the periodograms of the singular vectors
generated by a modulated harmonic.

(d) Groupingfor findinga refineddecompositiorof a series

The problem of finding a refined structure of a series by Basic SSA is equivalent
to the identification of the eigentriples of the SVD of the trgjectory matrix of
this series, which correspond to the trend, various oscillatory components, and
noise. The principles of grouping for identification of the trend and oscillatory
components have been described above.

As regards noise, we should always bear in mind the intrinsic uncertainty of
this concept under the lack of arigorous mathematical model for noise. From the
practical point of view, a natural way of noise extraction is the grouping of the
eigentriples, which do not seemingly contain elements of trend and oscillations.
In doing that, one should be careful about the following.

1. If the frequency range of the noise contains the frequency of a harmonic com-
ponent of the signal, then the harmonic component reconstructed from the re-
lated SVD eigentriples will also include the part of the noise corresponding
to this frequency (compare Marple, 1987, Chapter 13.3). Analogously, the ex-
tracted trend ‘grasps’ the low-frequency parts of the noise, if there are any. If
the frequency ranges of the signal and noise do not intersect, then this effect
does not appear.

2. If the amplitude of a harmonic component of the signal is small and the noise
is large, then the singular values corresponding to the harmonic and the noise
may be close. That would imply the impossibility of separating the harmonic
from the noise on the basis of the analysis of the eigentriples for the whole
series. Speaking more formally, the harmonic and noise would not be strongly
separable. This effect disappears asymptotically, when N — oc.

3. The SVD of the trgjectory matrix of the pure noise (that is, of an aperiodic
stationary sequence) for large IV, L and K should be expected to contain at
least some (leading) eigentriples looking like harmonics (see Section 6.4.3).
The components of the original series, reconstructed from these eigentriples,
will look similar. This necessitates a profound control of the interpretability of
the reconstructed components.

Certainly, the above discussion concerns a so the problem of noise reduction,
which isaparticular case of the problem under consideration.
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(e) Groupinghints

A number of characteristics of the eigentriples of the SVD of the trajectory ma-
trix of the original series may very much help in making the proper grouping for
extraction of the components from the series. Let us discuss two of these charac-
teristics.

1. Singularvalues
As mentioned above, if N, L and K are sufficiently large, then each harmonic
different from the saw-tooth one produces two eigentriples with close singular
values. Moreover, asimilar situation occurs if we have a sum of several different
harmonics with (approximately) the same amplitudes; though the corresponding
singular vectors do not necessarily correspond to a pure harmonic (the frequencies
can be mixed), they can still form pairs with close singular values and similar
shapes.

Therefore, explicit plateaux in the eigenval ue spectra prompts the ordinal num-
bers of the paired eigentriples. Fig. 1.34 depicts the plot of leading singular val-
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Figure 1.34 Births: leading singular values.

ues for the example ' Births' (Section 1.3.4). Five evident pairs with almost equal
leading singular values correspond to five (almost) harmonic components of the
‘Births series. eigentriple pairs 2-3, 4-5 and 10-11 are related to a one-week per-
iodicity with frequencies 1/7, 2/7 and 3/7, while pairs 6-7 and 8-9 describe the
annual birth cycle (frequencies ~ 1/365 and ~ 2/365). Note that the first singu-
lar value, equal to 4772.5, corresponds to the trend component of the seriesand is
omitted in Fig. 1.34.

Another useful insight is provided by checking breaksin the eigenval ue spectra.
As arule, a pure noise series produces a lowly decreasing sequence of singular
values. If such anoise is added to a signal, described by a few eigentriples with
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large singular values, then a break in the eigenvalue spectrum can distinguish
signal eigentriples from the noise ones.

Note that in general there are no formal procedures enabling oneto find such a
break. Moreover, for complex signals and large noise, the signal and noise eigen-
triples can be mixed up with respect to the order of their singular values.

At any rate, singular values give important but supplementary information for
grouping; the structure of the singular vectors is more essential.

2. w-Correlations

As discussed earlier, a necessary condition for the (approximate) separability of
two series is the (approximate) zero w-correlation of the reconstructed compo-
nents. On the other hand, the eigentriples entering the same group can correspond
to highly correlated components of the series.

Thus, anatural hint for grouping is the matrix of the absolute values of the w-
correlations, corresponding to the full decomposition (in this decomposition each
group corresponds to only one matrix component of the SVD). This matrix for an
artificial series F' with

fn = €20 4sin(27n/17) +0.5sin(271/10) +€,, n=0,...,339, (1.29)
standard Gaussian white noise ¢,,, and L = 85, is depicted in Fig. 1.35 (w-
correlations for the first 30 reconstructed components are shown in 20-colour

scale from white to black corresponding to the absolute values of correlations
from0to 1).

-

6

Figure 1.35 Series(1.29): matrix of w-correlations.

Theform of thismatrix givesan indication of how to make the proper grouping:
the leading eigentriple describes the exponential trend, the two pairs of the sub-
sequent eigentriples correspond to the harmonics, and the large sparkling square
indi cates the white noise components. Note that theoretical results of Section 6.1.3
tell us that such a separation can be indeed (asymptotically) valid.
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Figure 1.36 Whitedwarf: matrix of w-correlations.

For the example *White dwarf’ (Section 1.3.2) with I = 100, the matrix of the
absolute values of the w-correlations of the reconstructed components produced
from theleading 30 eigentriplesisdepicted in Fig. 1.36 in the manner of Fig. 1.35.

Itisclearly seen that the splitting of all the eigentriplesinto two groups— from
the first to the 11th and the rest — gives rise to a decomposition of the tragjectory
matrix into two almost orthogonal blocks, with the first block corresponding to
the smoothed version of the original series and the second block corresponding to
theresidual, see Figs. 1.5 and 1.6 in Section 1.3.2. Note that despite the fact that
some w-correlations between the eigentriples in different blocks exceed 0.2, the
reconstructed components are almost w-uncorrelated: |p(*)| = 0.004.

The similarity of Figs. 1.35 and 1.36 gives us an additional argument in favour
of the assertion that in the ‘White dwarf’ example smoothing leads to noise re-
duction.

1.6.2 Window length effects

Window length isthe main parameter of Basic SSA, in the sense that itsimproper
choice would imply that no grouping activities will help to obtain a good SSA
decomposition. Moreover, it is the single parameter of the decomposition.

Selection of the proper window length depends on the problem in hand, and
on preliminary information about the time series. In the general case no universal
rules and unambiguous recommendations can be given for the selection of the
window length. The main difficulty here is caused by the fact that variations in
the window length may influence both weak and strong separability features of
SSA, i.e., both the orthogonality of the appropriate time series intervals and the
closeness of the singular values.
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However, there are severa general principles for the selection of the window
length L that have certain theoretical and practical grounds. Let us discuss these
principles.

(a) Generaleffects

1. The SVDs of the trajectory matrices, corresponding to the window lengths L
and K = N — L + 1, areequivaent (up to the symmetry: left singular vectors
< right singular vectors). Therefore, for theanalysisof structureof timeseries
by Basic SSAit is meaninglesso takethe windowlengthlarger than half of
thetime serieslength

2. Bearingin mind the previous remark, thelarger thewindowlengthis, themore
detailedis thedecompositiomf thetime series The most detailed decomposi-
tion is achieved when the window length is approximately equal to half of time
serieslength, that iswhen L. ~ N/2. The exceptions are the so-called series of
finite rank, where for any L larger thand and N > 2d — 1 (d istherank of the
series) the number of nonzero componentsin the SVD of the seriesis equal to
d and does not depend on the window length (see Section 1.6.1 for examples
and Section 5.1 for general results).

3. The effects of weak separability.

e Since the results concerning weak separability of time series components
are mostly asymptotic (when L, K — o), in the majority of examples to
achieve abetter (weak) separation one has to choose large window lengths.
In other words, a smallwindowlengthcould mix up interpretablecompo-
nents

e If thewindow length L isrelatively large (say, it is equal to several dozen),
then the (weak) separationresultsare stablewith respectto small pertur-
bationsin L.

e On the other hand, for specificseriesand tasks,thereare concreterecom-
mendations for the window length selectiaich can work for arelatively
small N (see section ‘Window length for periodicities' below).

4. The effects of closeness of singular values.
The negative effects due to the closeness of the singular values related to dif-
ferent components of the original series (that is, the absence of strong sepa-
rability in the situation where (approximate) weak separability does hold), are
not easily formalized in terms of the window length. These effects are often
difficult to overcome by means of selection of L alone.

Let us mention two other issues related to the closeness of the singular values.

e For the series with a complex structure, too large window lenftban
produce an undesirable decomposition of the series components of interest
which may lead, in particular, to their mixing with other series components.
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Thisis an unpleasant possibility, especially since a significant reduction of
L canlead to a poor quality of the (weak) separation.

e Alternatively, sometimes in these circumstances evena small variation in
the value of L can reducemixing and lead to a better separationof the
componentsi.e., provide a transition from weak to strong separability. At
any rate, it is always worthwhile trying several window lengths.

(b) Windowlengthfor extractionof trendsand smoothing

1. Trends

In the problem of trend extraction, a possible contradiction between the require-
ments for weak and strong separability emerges most frequently. Since trend isa
relatively smooth curve, its separability from noise and oscillations requires large
valuesof L.

On the other hand, if trend has a complex structure, then for values of L that
are too large, it can be described only by a large number of eigentriples with
relatively small singular values. Some of these singular values could be close to
those generated by oscillations and/or noise time series components.

This happens in the example *Births’, where the window length of order 1000
and more (the series length is 5113) leads to the situation where the components
of the trend are mixed up with the components of the annual and half-year period-
icities (a short description of the series ‘Births' is provided in Section 1.3.4; other
aspects relating to the choice of the window length in this example are discussed
below).

The problem is complex; there is alarge variety of situations. We briefly con-
sider, on a quantitative level, two extreme cases. when the trend can be extracted
relatively easily, and when the selection of the window length for extraction of
trend is difficult or even impossible.

(i) Trends:reliable separation
Let F = F() 4+ F®) where F() isatrend and F?) is the residual. We assume
the following.

1. The series F(1) is ‘simple’. The notion of ‘simplicity’ can be understood as
follows:

e From the theoretical viewpoint, the series F(1) is well approximated by a
series with finite and small rank d (for example, if it looks like an exponen-
tial, d = 1, alinear function, d = 2, aquadratic function, d = 3, etc.). See
Section 5.1 for a description of the series of finite rank.

e We are interested in the extraction of the general tendency of the series
rather than of the refined trend.

e Interms of frequencies, the periodogram of the series F(1) is concentrated
in the domain of rather small frequencies.
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e In terms of the SSA decomposition, the few first eigentriples of the de-
composition of the trajectory matrix of the series F(1) are enough for a
reasonably good approximation of it, even for large L.

2. Assume also that the series F(!) is much ‘larger’ than the series F(®) (for
instance, the inequaity || F(V|| > ||F(?)|| isvalid).

Suppose that these assumptions hold and the window length L provides a cer-
tain (weak, approximate) separation of the time series F(1) and F(). We can
expect that in the SVD of the trgjectory matrix of the series F', the leading eigen-
triples will correspond to thetrend F'(1): i.e., they will have larger singular values
than the eigentriples corresponding to F(2). In other words, strong separation oc-
curs. Moreover, the window length L, sufficient for the separation, should not be
very largein this casein view of the ‘simplicity’ of the trend.

Thissituationisillustrated by the example‘ Production’ (Section 1.3.1, Figs. 1.1
and 1.2), where both trend versions are described by the leading eigentriples.
Analogously, if we are interested only in extracting the main tendency of the se-
ries‘ Unemployment’ (Section 1.3.6), then, according to Fig. 1.37, taking just one
leading eigentriple will be a perfectly satisfactory decision for L = 12.
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Figure 1.37 Unemploymenti, = 12 for extraction of the main tendency.

(ii) Trends: difficult case
Much more difficult situations arise if we want to extract a refined trend F(1),
when the residual F(?) has a complex structure (for example, it includes a large
noise component) with || F(?) || being large. Then large L can cause not only mix-
ing of the ordinal numbers of the eigentriples corresponding to F(1) and F(2)
(this is the case of the ‘Unemployment’ example), but also closeness of the cor-
responding singular values, and therefore alack of strong separability.

Certainly, there are many intermediate situations between these two extremes.
Consider, for instance, the * England temperatures’ example (average annual tem-
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Figure 1.38 EnglandtemperaturesLZ = 48 for extractionof themaintendency.

peratures, Central England, from 1659 to 1998). Here the problem of extraction
of a smooth trend can easily be solved: under the choice of L equal to severa
dozen, the first eigentriple always describes the general tendency; see Fig. 1.38
for the choice L. = 48.

This happens because relatively small values of L are enough to provide (weak)
separability, the trend has a simple form, and it thus corresponds to only one
eigentriple; this eigentriple is leading due to a relatively large mean value of the
series.

At the same time, if we wish to centre the series (which may seem a natura
operation since in this kind of problem the deviation from the mean is often the
main interest), then small values of L, say L < 30, do not provide weak separa-
tion. Large valuesof L, say L > 60, mix up the trend eigentriple with some other
eigentriple of the series; this is a consequence of the complexity of the series
structure.

2. Smoothing

Generaly, the recommendations concerning the selection of the window length
for the problem of smoothing are similar to the case of the trend extraction. This
is because these two problems are closely related. Let us describe the effects of
the window length in the language of frequencies.

Treating smoothing as removing of the high-frequency part of a series, we
have to take the window length L large enough to provide separation of this low-
frequency part from the high-frequency one. If the powers of all low frequencies
of interest are significantly larger than those of the high ones, then the smoothing
problemis not difficult, and the only job is collecting several leading eigentriples.
Thisisthe casefor the ‘ Treerings' and ‘ White dwarf’ examples of Section 1.3.2.
Here, the larger we take L, the narrower the interval of low frequencies we can
extract.
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Figure 1.39 Whitedwarf: L = 100, periodogramof residuals.
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Figure 1.40 Whitedwarf: L = 200, periodogramof residuals.

For instance, in Section 1.3.2, the smoothing of the series ‘White dwarf’ has
been done with L = 100, with the result of the smoothing being described by
theleading 11 eigentriples. In the periodogram of the residuals (see Fig. 1.39) we
can see that for this window length the powers of the frequencies in the interval
[0,0.05] are practically zero.

If we take L = 200 and 16 leading eigentriples for the smoothing, then this
frequency interval isreduced to [0, 0.03] (seeFig. 1.40). At the sametime, for L =
10 and two leading eigentriples, the result of smoothing contains the frequencies
from the interval [0, 0.09].

Visua inspection shows that all smoothing results look similar. Also, their
eigenvalue shares are equal to 95.9% + 0.1%. Certainly, this effect can be ex-
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plained by the specificity of the series: its frequency power is highly concentrated
in the narrow low-frequency region.

More difficult problems with smoothing occur when powers of low and high
frequencies are not separable from each other by their values.

(c) Windowlengthfor periodicities

The problem of choosing the window length L for extraction of a periodic compo-
nent F(M) out of the sum F = F(1) + F(2) has certain peculiarities related to the
correspondence between the window length and the period. In general, these pe-
culiarities are the same for the pure harmonics and for complex periodicities, and
even for modul ated periodicities. Thus, we do not consider these cases separately.

1. For the problem of extraction of a periodic component with period 7', it is
natural to measure the length of the series in terms of the number of periods.
Specifically, if F(V) isasymptotically separable from F(2), then to achieve the
separation we must have, asarule, the length of the series IV such that theratio
N/T isat least several units.

2. For relatively short series, it is preferable to take into account the conditions
for pure (nonasymptotic) separability (see Section 1.5); if one knows that the
time series has a periodic component with an integer period 7" (for example, if
this component is a seasonal component), then it is better to take the window
length L proportional to that period. Note that from the theoretical viewpoint,
N —1 must also be proportional to 7.

3. In the case of along series, the demand that L/T and (N —1)/T be integers
is not that important. In this case, it is recommended that the window length
be chosen as large as possible (for instance, close to N/2, if the computer
facilities allow one to do this). Nevertheless, even in the case of long series it
is recommended that L be chosen such that L /T is an integer.

4. If the series F(?) contains a periodic component with period 7} ~ T, then to
extract 1) we generally need alarger window length than for the case when
such acomponent is absent (see Section 6.1.2 for the theory).

5. Sincetwo harmonic components with equal amplitudes produce equal singular
values, asymptotically, when L and K tend to infinity, a large window length
can cause alack of strong separability and therefore a mixing up of the com-
ponents.

If in addition the frequencies of the two harmonics are (almost) equal, then a
contradiction between the demands for the weak and strong separability can
occur; close frequencies demand large window lengths, but the large window
lengths lead to approximately equal singular values.

To demonstrate the effect of divisibility of L by T, let us return to the ‘Eggs
example (Section 1.3.3). Figs. 1.41 and 1.42 depict the matrices of w-correla-
tions for the full decomposition of the serieswith L = 12 and L = 18. It is
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clearly seen that for L = 12 the matrix is essentially diagonal, which means that
the eigentriples related to the trend and different seasonal harmonics are almost
w-uncorrelated. This means that the choice L = 12 allows us to extract all the
harmonic components of the series.

12

10

Figure 1.41 Eggs:L = 12, w-correlations.

18

16

14

12

10

o Il
. 1l

2 4 6 8 10 12 14 16 18

Figure 1.42 Eggs:L = 18, w-correlations.

For L = 18 (that is, when the period 12 does not divide L), only the leading
seasonality harmonics can be extracted in a proper way; the other components
have relatively large w-correlations.

The choice L. = 13 would give results that are slightly worse than for L = 12,
but much better than for L = 18. This confirms the robustness of the method with
respect to small variationsin L.
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(d) Refinedstructure

In doing a simultaneous extraction of different components from the whole series,
all the aspects discussed above should be taken into account. Thus, in basically
all the examples of Section 1.3, where the periodicities were the main interest, the
window length was a multiple of the periods. At the same time, if in addition the
trends were to be extracted, L was reasonably large.

For the short series and/or series with acomplex structure, these simple recom-
mendations may not suffice and the choice of the window length becomes a more
difficult problem.

For instance, in the example ‘War' (Section 1.3.7), the choice L = 18 isdic-
tated by the specific amplitude modulation of the harmonic components of the
series, which is reflected in the shape of the trend. When the window length is
reduced to 12, the amplitude-modulated harmonics are mixed up with the trend
(the effect of the small window length). On the other hand, the decompositions
with L = 24 and L = 36 lead to a more detailed decomposition of the sum of
the trend and the annual periodicity (six eigentriples instead of four for L = 12),
where the components are again mixed up (the effect of atoo large L).

Notethat if we wish to solve the problem of extracting the sum of the trend and
the annual periodicity, then the choice of L = 36 is preferableto L = 18.

366

337

309 H
280 §
251 ‘

222 M‘
194
165

136
Jan77 Jan79  Jan 81 Jan 83 Jan 85 Jan 87 Jan 89  Dec 90

Figure 1.43 Births: trend.

To demonstrate the influence of the window Iength on the result of the decom-
position, let us consider another more complex example, namely ‘Births' (Sec-
tion 1.3.4).

In the series ‘Births' (daily data for about 14 years, N = 5113) thereis a one-
week periodicity (77 = 7) and an annual periodicity (7> = 365). Since Ty > 11,
it isnatural to take the window length as a multiple of 75.

Thechoice L = T5, aswasshownin Section 1.3.4, guarantees the simultaneous
extraction of both weekly and annual periodicities. Moreover, this window length
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allows also the extraction of the trend of the series (see Fig. 1.43) using the single
leading eigentriple. Note that these results are essentially the same as for the cases
L =364 and L = 366.

At the same time, if we would choose L = 375 = 1095, then the components
of the trend will be mixed up with the components of the annual and half-year
periodicities; this is a consequence of the complex shape of the trend and the
closeness of the corresponding eigenvalues. Thus, large values of the window
length lead to violation of strong separability.

If the problem of separation of the trend from the annual periodicity is not im-
portant, then values of L larger than 365 work well. If the window length islarge,
we can separate the global tendency of the series (trend + annual periodicity) from
the weekly periodicity + noise even better than for L = 365 (for L = 1095 this
component is described by several dozen eigentriples rather than by 5 eigentriples
for L = 365). Inthis case, theweekly periodicity itself is perfectly separable from
the noise as well.

Note aso that if we were to take a small (in comparison to the annual period)
window length (for example, L = 28), then the global behaviour of the series
would be described by just one leading eigentriple. The weekly periodicity could
also be separated, but alittle worse than for large L.

In even more complex cases, better results are often achieved by the applica-
tion of Sequential SSA, which after extraction of a component with a certain L
requires a repeated application of SSA to the residuals with different L. An ex-
ample of sequential SSA is described in Section 1.7.3.

(e) Hints

If we are not using the knowledge about the subject area and the series, then the
only source of information helping in the window length selection is the series
itself. Often the shape of the graph of the series (leading, for instance, to avisual
identification of either atrend or a strong harmonic) is an effective indicator. At
the same time, it is impossible to describe all possible manipulations with the
series that may help in the selection of L, especialy if we bear in mind that the
corresponding algorithms should be fast (faster than the numerical calculation of
the SVD of alarge matrix) and should use the specifics of the problem.

We consider just one way of getting recommendations for selecting the window
length, namely, the method based on the periodogram analysis of the original
series and parts of the series.

1. If the resolution of the periodogram of the series F' is good enough (that is,
the series is sufficiently long), then the periodogram can help in determining
the periods of the harmonic components of the series and thus in selecting the
window length for their separation. M oreover, the presence of distinct powerful
frequency ranges in the periodogram indicates possible natural components of
the series related to these frequency ranges.
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2. One of the sufficient conditions for approximate weak separability of two se-
riesisthe smallness of all the spectral correlationsfor all the subseries of length
L (andaso K = N — L + 1) of these two series (see Section 1.5.3). Assume
that:

e periodograms of al the subseries of length L and K of the series F' have
the same structure,

e thisstructure is characterized by the presence of distinct and distant power-
ful frequency ranges.

In this case, the choice of a window length equal to L would most probably
lead to a splitting of the series F' into the components corresponding to these
frequency ranges. This suggests that a preliminary periodogram analysis of at
least several subseries might be useful.

A control of the correct choice of the window length is made at the grouping
stage; the possibility of a successful grouping of the eigentriples means that the
window length has been properly selected.

1.7 Supplementary SSA techniques

Supplementary SSA techniques may often improve Basic SSA for many specific
classes of time series and for series of a complex structure. In this section, we
consider several classes of this kind and describe the corresponding techniques.
More precisely, we deal with the following series and problems:

1. Thetime seriesis oscillating around a linear function, and we want to ex-
tract this linear function.

2. Thetime seriesis stationary-like, and we want to extract several harmonic
components from the series.

3. The time series has a complex structure (for example, its trend has a com-
plex form, or several of its harmonic components have amost equal ampli-
tudes), and therefore for any window length a mixing of the components of
interest occurs.

4. Thetime seriesis an amplitude-modulated harmonic and we require its en-
velope.

The last problem is rather specific. Its solution is based on the ssimple idea that
squared amplitude-modul ated harmonic isasum of low and high-frequency series
that can be separated by Basic SSA.

The technique for the first two problemsisin a way similar; having informa-
tion about the time series, we use a certain decomposition of the trajectory matrix,
which is different from the straightforward SVD and adapted to the series struc-
ture.

A lack of strong separability (in the presence of weak separability) is one of the
main difficultiesin Basic SSA. One of possible waysto overcomethisdifficulty is
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to enlarge the singular value of a series component of interest by adding a series
similar to this component.

Alternatively, we can use Sequential SSA. This means that we extract some
components of theinitial series by the standard Basic SSA and then extract other
components of interest from the residuals.

Suppose, for example, that the trend of the series has a complex form. If we
choose alarge window length L, then certain trend components would be mixed
with other components of the series. For small L, we would extract the trend but
obtain mixing of the other series components which are to be extracted.

A way to solve the problem, and thisisatypical application of Sequential SSA,
isto choose arelatively small L to extract the trend or its part, and then use alarge
window length to separate components of interest in the residual series.

L et us describe these approaches in detail and illustrate them with examples.

1.7.1 Centringin SSA

Consider the following extension of Basic SSA. Assume that we have selected
the window length L. For K = N — L + 1, consider a matrix A of dimension
L x K and pass from the trajectory matrix X of the series F' to the matrix X* =
X —A. LetS* = X*(X*)T, and denote by \; and U; (i = 1,. .., d) the nonzero
eigenvalues and the corresponding orthonormal eigenvectors of the matrix S*.
Setting V; = (X*)TU; /v/A\; we obtain the decomposition
d
X=A+> X (1.30)
=1

with X = /A, U; V., instead of the standard SVD (1.2). At the grouping stage
the matrix A will enter one of the resultant matrices as an addend. In particular,
it can produce a separate time series component after the application of diagonal
averaging.

If the matrix A is orthogonal to all the X (see Section 4.4), then the matrix
decomposition (1.30) yields the decomposition

d
X34 = AR+ D 11X

i=1

of the squared norms of the corresponding matrices.
Here we consider two ways of choosing the matrix A, thoroughly investigated
in Sections4.4 and 6.3. We follow the terminol ogy and results from these sections.

(a) Single and Double centring
Single centrings the row centring of the trgjectory matrix. Here
A=AX)=&X):...: &(X)],
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where each ith component of the vector £ (X) (i = 1,...,L) isequa to the
average of the ith components of the lagged vectors X1, ..., Xk.

Thus, under Single centring we consider the space span(X l(c), X I(?) with
X = X; — &(X) rather than span(X,. .., Xx). In other words, we shift
the origin to the centre of gravity of the lagged vectors and then use the SVD
of the obtained matrix. Of course, Single centring is a standard procedure in the
principal component analysis of multidimensional data.

For the Double centring SVD is applied to the matrix, computed from the
trajectory matrix by subtracting from each of its elements the corresponding row
and column averages and by adding the total matrix average. In other words, in
this case we have

A = AX) + B(X) (1.31)
with B(X) = [12(X) : ... : £12(X)]T, where the jth component of the vector
£12(X) (5 =1,..., K) isequal tothe average of all the components of the vector

x4,

]U nder Single centring the addend A hasthe same form as the other components
of the decomposition (1.30), provided we have included the normalized vector of
averages Uy(1y = £1(X)/||€1(X)]] in the list of eigenvectors U;. Indeed, A =
U0(1)ZOT(1) with Zy(1y = [|€1(X)]|1k. (Each component of the vector 1k € R*
isequal to 1.)

In the Double centring case, we add one more vector to the list of eigenvectors,
the vector Uy (z) = 11,/V'L. Here

A = Uy Zogy + Uo(2) Zoga)
with Z()(Q) = \/EEIQ(X) We set
Aoy = [1Zoy || = [|E1(X)||VE and Aggay = || Zoea || = [|E12(X)||VL.

Moreover, let VO(I) = ZO(I)/W / )\0(1) and V0(2) = ZO(Q)/« / )\0(2). Then we call
(Uo(i)), Vogiys Ao@)) (i = 1,2) the first and the second average triples

Since A(X) and B(X) are orthogonal to each other and to all the other decom-
position components (see Section 4.4), we have for the Double centring

d
X154 = Aoy + Aoy + D Ai

=1
(for the Single centring the term )2y is omitted). Therefore, the shares of the
average triples and the eigentriples are equal to
Mo/IXIRe doy/IIXIRe and - i/ [1X] 3

Note that Basic SSA does not use any centring. Nevertheless, Single centring
can have some advantage if the series I can be expressed intheform F = F(1) +
F®, where F(!) isaconstant seriesand F () oscillates around zero.
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Certainly, if the series length IV is large enough, its additive constant compo-
nent will undoubtedly be extracted by Basic SSA (as well as with the averaging
of all the components of the series), but, for the short series, Single centring SSA
can work better. Since the analogous, but much brighter, effects are produced by
Double centring SSA, we do not consider any Single centring example here.

The effect of Double centring can be explained as follows. If the initial series
isalinear one, X isitstrajectory matrix and A is defined by (1.31), then A = X.
Therefore, for F = F1) 4 F(2) with linear (1), the matrix A contains the entire
linear part of the series F'. Theoretically, Double centring leads to the asymptotic
extraction of the linear component of the series from rather general oscillatory
residuals (see Section 6.3.2).

As usual, nonasymptotic effects occur as well. For fixed N and L, let us con-
sider the series F which is the sum of a linear series F(Y) and a pure harmonic
F®) with aninteger period T'. If thewindow length L and K = N — L+ 1 divide
T, then the matrix A defined by (1.31) coincides with the trajectory matrix of the
series (1), The residual matrix X* = X—A corresponds to the trajectory matrix
of the harmonic series F(2). Therefore, here we obtain the theoretically precise
linear trend extraction (see Section 6.3.2 for the theory).

(b) Double centring and linear regression

Comparison of the extraction of alinear component of a series by Double centring
SSA and by linear regression can beinstructive. Note that these two methods have
different origins and therefore can produce very different results.

As for linear regression, it is a formal procedure for the linear approximation
by the least-squares method and gives a linear function of time for any series,
even if the series does not have any linear tendency at all. By contrast, Double
centring SSA gives us (usualy, approximately) a linear component only if the
strong linear tendency is really present. On the other hand, Double centring does
not produce a precise linear function but only a pointwise approximation of it.
Roughly speaking, linear regression estimates the coefficients of alinear function,
while Double centring SSA estimates the values of alinear function at each point.

If the time series has a linear tendency and its length is rather large, then both
methods produce similar results. The difference appearsfor arelatively short time
series. For these series, the objective of the linear regression can be in disagree-
ment with the problem of searching for alinear tendency of the series.

Let usillustrate these statements by two examples.

Example 1.5 ‘Investment’: long time series with a linear tendency

Thetheory tellsus (see Section 6.3.2) that Double centring SSA extracts (perhaps,
approximately) the linear component of the seriesif the series oscillates near this
linear component. Since linear regression automatically approximates any series
by alinear function, a correspondence between the results of both methods would
indicate that the linear function obtained by the regression method describes the
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actual tendency of the series, and thusiit is not merely the result of aformal pro-
cedure.
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Figure 1.44 Investmentlinear regressiorand Doublecentringresults.

The example ‘ Investment’ (the investment series of U.K. economic time series
data, quarterly, successive observations, Prothero and Wallis, 1976), illustrates
these considerations. The series is presented in Fig. 1.44, thick line.

Let us select the window length . = 24 in Double centring SSA, and take
both average triples for the reconstruction. Then the reconstructed component
(Fig. 1.44, thin line with black points) will resemble alinear function.

For comparison, the result of standard linear regression analysis (thin line) is
placed on the same plot. Since both lines (SSA reconstruction curve and linear
regression function) are very close, the general linear behaviour of the ‘Invest-
ment’ series can be considered as being confirmed. Note that the ‘Investment’
series can be regarded as a ‘long’ series since it oscillates rather rapidly around
the regression line.

The second example demonstrates the difference between these two methods
and shows the Double centring SSA capabilities for short series.

Example 1.6 ‘Hotels’: continuationof the extractedtendency
The ‘Hotels' series (hotel occupied room, monthly, from January 1963 to De-
cember 1976, O’ Donovan, 1983) is a good example for discussing the difference
between linear regression and Double centring SSA approaches to the extraction
of alinear tendency in a series. Fig. 1.45 depicts the initial series and its linear
regression approximation. Despite the fact that the series is not symmetric with
respect to the regression line and has an increasing amplitude, the whole linear
tendency seems to have been found in a proper way.

The second figure (Fig. 1.46) deals with the first 23 points of the series. Two
lines intersect the plot of the series. The thin one is the linear regression line
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Figure 1.45 Hotels:timeseriesandits linear regressiorapproximation.

calculated from this subseries. The thick line is the reconstruction of the series
produced by both averagetriplesfor the Doubl e centring SSA with window length
L = 12. This Double centring curve is amost linear but differs from that of the
linear regression.
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Figure 1.46 Hotels:shortinterval. Regressiormnd Doublecentringlines.

Fig. 1.47 shows the continuation of both lines for the first 72 points of the
‘Hotels' series. The upper linear function (y = 543.6 + 3.2x) is a continuation
of the linear regression line of the Fig. 1.46. The lowest linear function (y =
556.8 + 1.9z) isthelinear continuation of the Double centring line (Fig. 1.46). It
isvery closeto the middle linear function (y = 554.8 + 2.0x) which isthe part of
the global linear regression line of Fig. 1.45.
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Figure 1.47 Hotels: continuationof linear functions.

Comparison of these lines shows that linear regression fails to find a good ap-
proximation of the main tendency of the whole series based on thefirst 23 points.
On the other hand, the Double centring line is very close to the global linear re-
gression line, but it uses only the first 23 points of the series rather than the full
number 168.

Note that using Single or Double centring SSA, one can extract not only con-
stants or linear components of time series. Other components of interest (such as
oscillatory ones) can be extracted in the same manner asin Basic SSA. For exam-
ple, for the series, containing the first 23 points of the ‘Hotels' data and Double
centring with L = 12 (see Fig. 1.46), the eigentriples 1-2, 3-4, 5-6, 7, 8-9 and
10-11 describe harmonics with w = 1/12, 2/12, 3/12, 6/12, 4/12 and 5/12,
respectively.

Moreover, if the time series has a general linear-like tendency, then the Double
centring approach is often preferable to Basic SSA.

1.7.2 Stationary series and Toeplitz SSA

If thelength IV of the series F' is not sufficiently large and the seriesis assumed to
be stationary, then the usual recommendation is to replace the matrix S = XXT
by some other matrix, which takes into account the stationarity of the series.

Note first that we can consider the lag-covariance matrixXC = S/K instead
of S for obtaining the SVD of the trgectory matrix X. Indeed, the difference
between the SVDs of the matrices S and C lies only in the magnitude of the
corresponding eigenvalues (for S they are K times larger); the singular vectors of
both matrices are the same. Therefore, we can use both S and C in Basic SSA
with the same effect.
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Denote by ¢;; = ¢;;(IV) the elements of the lag-covariance matrix C. If the
time series is stationary, and K — oo, thenlime;; = Ry([i — j|) as N — oo,
where R (k) stands for the lag & term of the time series covariance function; see
Sections 1.4.1 and 6.4. (Recall that according to our agreement of Section 1.4.1,
any infinite stationary series has zero average.)

Therefore, the main idea is to take the Toeplitz version of the lag-covariance
matrix, that is to put equal values ¢;; in each matrix diagona |¢ — j| = k. Of
course, the convergence ¢;; — Ry¢(]¢ — j|) must be kept.

There are several ways of getting the Toeplitz lag-covariance matrices from
the series (see Elsner and Tsonis, 1996, Chapter 5.3). The main oneisto use the
standard estimate of the covariance function of the series and to transform it into
an L x L matrix. More precisely (see Anderson, 1994, Chapter 8.2), for the time
series F' = (fo,..., fn—1) and afixed window length L, we take the matrix C
with the elements

N—|i—j|—1
1
J N —|i—j| n;) +li—j|
rather than Basic SSA lag-covariance matrix C = S/ K with the elements
1 K-1
Cij = 5 ;meAfmﬂfh 1<i,j <L (1.33)

Having obtained the Toeplitzlag-covariancematrix C we calculate its ortho-

normal eigenvectors Hy, ..., Hy, and decompose the trajectory matrix:
L
X => Hz], (1.34)
=1

where Z; = XT H;. We thus obtain an orthogonal matrix decomposition of the
kind discussed in Section 4.2.1. Setting \; = ||Z;||? and Q; = Z;/v/\; (herewe
formally assume that C has full rank), we come to the decomposition of the tra-
jectory matrix X into asum similar to the usual SVD. The grouping and diagonal
averaging can then be made in the standard way. Note that the numbers \; (which
may be called squared Toeplitz singular valugsgenerally do not coincide with
the eigenvalues of the matrix C.

If theinitial seriesis a sum of a constant series with the general term ¢y and a
stationary series, then centring seems to be a convenient procedure (since we are
dealing with finite time series, the centring can be applied for ¢y = 0 as well).
One way isto centre the entire series before calculating the matrix (1.32).

The other method is to apply the Single centring. For Toeplitz SSAwith the
lag-covariance matrix (1.32) this means that we extract the product

1 n(i,j)—1 1 n(i,j)—1
Mi‘: N m N m+|i—j
R ) mzz:o ! n(i, 5) mZ:: Fmlisi
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(here we used the notation n(i, j) = N — |i — j|) from ¢;;, find the eigenvectors
Hy, ..., Hy, of the above matrix, compute the (single) centred trajectory matrix
X* aswas described in Section 1.7.1, obtain Z; = (X*)™ H;, and come to the de-
composition similar to (1.34) with an additional matrix term A corresponding to
the Single centring. Note that unlike Basic SSA, the Toeplitz SSA isnot invariant
with respect to the substitution of X' = N — L + 1 for the window length L, even
without centring.

The Toeplitz construction of the lag-covariance matrix seems to have an ad-
vantage since the matrix elements (1.32) are generally closer than (1.33) to the
terms Ry (|¢ — j|) of the theoretical covariance function, due to a wider range
of averaging. Nevertheless, it is not universally better since we are not dealing
with the lag-covariance matrix itself but rather with some specific features of the
decompositions of the trajectory matrices, such as separability.

First, the Toeplitz SSA is not aimed at nonstationary series. If the series has
a strong nonstationary component, then Basic SSA seems to be preferable. For
example, if we are dealing with a pure exponential series, then it isdescribed by a
single eigentriple (see Sections 1.6.1 and 5.1 for details) for any window length,
while Toeplitz SSA produces L eigentriples for window length L with harmonic-
like eigenvectors. The same effect takes place for the linear series, exponential-
cosine series, etc. In terms of Section 4.2.1, Toeplitz SSA often produces a de-
composition, which is not minimal.

Second, Toeplitz SSA generally produces anonoptimal decomposition. The de-
composition of the trgjectory matrix produced by SVD (it is used in Basic SSA
and Single and Double centring SSA) is optimal in the the sense that each eigen-
valueisthe solution of acertain optimization problem; in other words, each eigen-
valueisaslargeasit can be. Therefore, the main series effects are described by the
leading SV D eigentriples, but even subsequent eigentriples can be meaningful.

If we have nonoptimal orthogonal decomposition of the trgjectory matrix, it
is more ‘spread’ and the problem similar to the problem of small ‘almost equal
singular values' becomes even more serious.

Moreover, for long stationary series, both methods give practicaly the same
results. Yet, for relatively short stationary and noisy series, Toeplitz SSA can be
advantageous.

Example 1.7 ‘Treerings’: four modulatecharmonics
Let us consider the ‘Tree rings example (see Section 1.3.2). The periodogram
(Fig. 1.48) of the series shows four sharp peaks corresponding approximately to
theperiods Ty = 74, T, = 52,73 = 42 and T, = 12.5.

If we take the window length L = 334, then Basic and Single centring SSA
(both using SVD) extract periodicities corresponding to 73 and T but produce a
mixture of the two other periodic components. Standard Toeplitz SSA with Single
centring works better (see Fig. 1.49) and extracts all the leading periodicities at
once.
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Figure 1.48 Treerings: periodogramin periodsupto 7' = 85.
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Figure 1.49 Treerings: four periodiccomponentdrirst 500 points.

Remark 1.1 In Example 1.7 we did not discuss whether the extracted period-
icities are the true ones or produced by the aperiodic component of the series (see
Section 6.4). Our aim was to demonstrate their extraction.

1.7.3 Closesingularvalues

Aswas discussed in Section 1.6.2, close singular values of SVD cause difficulties
that are difficult to overcome by modifying the window length L. Nevertheless,
there are several techniques that can help to solve the problem. Let us discuss two
of them.
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(a) Seriesmodification

Sometimes one can modify the series in such a manner that this problem disap-
pears. The theoretical base of such effectsisthe following simple fact: if the time
series F() and F(®) are weakly separable, then for a wide range of constants
¢ # 0 thetime series F(1) and ¢F(? are strongly separable. In practice, we use
this fact in some approximate sense.

Let us consider two examples of this kind.

1. If wewant to extract asmall slowly varying trend whose components are mixed
with other series components, then it can be worthwhile to add a constant to
the series and use a relatively small window length for the trend extraction.
Then the new trend will be described by the leading eigentriple, and there will
be no problem in its extraction. The added constant has to be subtracted from
the extracted series.

The example *England temperatures’ (Section 1.6.2) is of thiskind if we deal
with it in the reverse manner; being centred, the time series is complex for the
rough trend extraction, but if we add to the centred series a constant, equal to
9.18 (that is, if we come back to the uncentered data), a rather wide range of
window lengths will provide the extraction.

2. Assume that our aim is extracting a harmonic with a known frequency w and
this harmonic is mixed with some other time series components due to their
close singular values. If the selected window length L provides aweak separa-
bility of the harmonic of interest, then we can add a harmonic of the same fre-
guency (and some amplitude and phase) to the series. Under the proper choice
of these parameters, the singular val ues corresponding to the harmonic will be
enlarged enough so that they will not be mixed with any other series compo-
nents (for example, the harmonic will be described by the leading eigentriples).
Therefore, the modified harmonic will be easily extracted.

Example 1.8 ‘Rost wine’; addinga harmoniccomponent

To illustrate the extraction of a harmonic component from the series, let us con-
sider the example ‘Rosé wine' described in Section 1.4.1 (see Fig. 1.17 for the
time series and Fig. 1.18 for its periodogram). As was mentioned in Section 1.6,
the harmonics with frequencies 4/12 and 5/12 are mixed under the choice L = 84.
Moreover, other window lengths lead to mixing of other harmonics due to a com-
plex nonstationary structure of the series.

However, if we add to the series a harmonic with frequency 4/12 (that is, pe-
riod 3), zero phase and amplitude 30, then the new quarterly harmonics will be
extracted under the choice of the same L. = 84 and the pair of the second and
third eigentriples. The final result is obtained by subtracting the additional har-
monic component.

Note that the problem of close singular values can be solved by other modifi-
cations of Basic SSA as well. For instance, the Toeplitz SSA helps in extracting
harmonic componentsin the ‘ Treerings' example of Section 1.7.2. However, this

Copyright © 2001 CRC Press, LLC



example seemsto be agood illustration of the advantages of a concrete technique
related to the problem of close singular values rather than an illustration of the
absolute advantage of the Toeplitz SSA.

(b) SequentiaBSA

The mixing problem of the time series components (formally, the problem of close
singular values for weakly separable series components) may be resolved in one
more manner, by the so-called SequentiaBESA

The two-step Sequential SSA can be described as follows. First, we extract se-
vera time series components by Basic SSA with a certain window length L.
Then we apply Basic SSA to the residuals and extract several series compo-
nents once again. The window length L, of the second stage is generaly different
from L.

Having extracted two sets of time series components, we can group them in
different ways. For instance, if arough trend has been extracted at the first stage
and other trend components at the second stage, then we have to add them together
to obtain the accurate trend.

Let usillustrate this by an example.

Example 1.9 Long ‘Unemployment’ series: extraction of harmonics
Consider the ‘Unemployment’ series starting from January 1948 (note that ‘Un-
employment’ example of Section 1.3.6 has April 1950 as its starting point). The
seriesis depicted in Fig. 1.50 (thin line).
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Figure 1.50 Long ‘Unemployment’ series: time series from January 1948.

Comparing Fig. 1.50 with Fig. 1.12, we see that the trend of the long ‘ Unem-
ployment’ series (thick line) has a more complex structure than that of the shorter
one. Selection of alarge window length would mix the trend and periodic com-
ponents of the series. For small window lengths the periodic components are not
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separable from each other, and therefore these lengths are not suitable. Hence,
Basic SSA falils to extract (amplitude-modulated) harmonic components of the
series.

The two-stage Sequential SSA proves to be a better method in this case. If
we apply Basic SSA with L = 12 to the initial series, then the first eigentriple
will describe the trend, which is extracted rather well: the trend component does
not include high frequencies, while the residual component practically does not
contain low ones (see Fig. 1.51 for the residual series).
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Figure 1.51 Long ‘Unemployment’ series: trend residuals.

521840
391380

260920

/\M ﬂ(\f\m\f\f\/\/\ﬂmwﬂﬂ(\(\/\ﬂm
”UUU [UARKDIURRLRR VRN

-260920

-391380

-521840
Jan 48 Jan 52 Jan 56 Jan 60 Jan 64 Jan 68 Jan 72 Jan 76 Jan 80

Figure 1.52 Long ‘Unemployment’ series: annual periodicity.

The second Sequential SSA stage is applied to the residual series with L =
180. Since the series is amplitude modulated, the main periodogram frequencies

Copyright © 2001 CRC Press, LLC



(annua w = 1/12, half-annua w = 1/6 and 4-months w = 1/4) are somewhat
spread out, and therefore each (amplitude-modulated) harmonic can be described
by severa (more than 2) eigentriples.

Periodogram analysis of the obtained singular vectors shows that the leading
14 eigentriples with share 91.4% can be related to 3 periodicities: the eigentriples
1,2,5 — 8,13, 14 describe the annual amplitude-modulated harmonic (Fig. 1.52),
the eigentriples 3,4, 11 — 12 are related to half-year periodicity, and the eigen-
triples 9, 10 describe the 4-months harmonic.

The same technique can be applied to the ‘Births' series if we want to obtain
better results than those described in Section 1.3.4. (See Section 1.6.2 for a dis-
cussion concerning the large window length problem in this example.)

1.7.4 Envelopes of highly oscillating signals

The capabilities of SSA in separating signals with high and low frequencies can
be used in a specific problem of enveloping highly oscillating sequences with
slowly varying amplitudes. The simple idea of such atechnique can be expressed
asfollows.
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Figure 1.53 EEG: a-rhythm. First 1200 points.

Let f,, = A(n) cos(2mwn) wherew islarge and A(n) isslowly varying. Then

In def 212 = A%(n) + A%(n) cos(4mwn). (1.35)
Since A2%(n) issowly varying and the second term on the right-hand side of (1.35)
oscillates rapidly, one can gather the slowly varying terms of the SSA decompo-
sition for g,,, and therefore approximately extract the term A2 (n) from the series
(1.35). All we need to do then is to take the square root of the extracted term.
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Figure 1.54 EEG: seriesG andits slowlyvaryingcomponentFirst 600 points.

Example 1.10 EEG: envelopeof a-rhythm

Thisideaisillustrated by the time series F' representing an «-rhythm component
of an electroencephal ogram (EEG). Thewhole series F' consists of approximately
3500 points; its first 1200 points can be seen in Fig. 1.53. The series can be de-
scribed as an amplitude-modulated harmonic with the main frequency approxi-
mately equal to 1/20.
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Figure 1.55 EEG: a-rhythm and its envelope. First 600 points.

Let us consider the square of the initial series multiplied by 2 and denote it by
G. Taking window length I = 60 and reconstructing the low-frequency part of
the time series G from the eigentriples 1,4, 7 and 10, we obtain an estimate of
A% (n) (thefirst 600 points of the reconstructed series are depicted in Fig. 1.54 by
the thick line; the thin line corresponds to the series ).

By taking the square root of the estimate we obtain the result. (See Fig. 1.55,
where the first 600 points of the initial series with its envelope are depicted.)

It may be interesting to note that the «-rhythm time series under consideration
was extracted from the initial EEG signal by 5-stage Sequential SSA with differ-
ent window lengths (the largest was equal to 600).

Note al so that to obtain the resulting envelope we may need some smoothing to
remove very small but existing parts of highly oscillating components. As usual,
Basic SSA with small window length would do the job.
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CHAPTER 2

SSA forecasting

A reasonable forecast of a time series can be performed only if the following
conditions are met:

1. The series has a structure.
2. A mechanism (method, algorithm) identifying this structure is found.

3. A method of the time series continuation, based on the identified structure,
is available.

4. The structure of the time seriesis preserved for the future time period over
which we are going to forecast (continue) the series.

All these conditions are natural. Of course, condition 4 cannot be validated
with the help of the datato be forecasted. Moreover, the structure of the series can
hardly be identified uniquely (for example, if the series has a noise component).
Therefore, the situation of different (and even ‘contradictory’) forecasts is not
impossible. Thus, it is important not only to realize and indicate the structure
under continuation, but also to check its stability.

At any rate, aforecast can be made only if a certain model is built. The model
can either be derived from the data or at least checked against the data. In SSA
forecasting, these models can be described with the help of the linear recurrent
formulae (or equations). Note that in general the dimension (in other words, the
order) of the recurrent formulae may be unknown.

The class of series governed by linear recurrent formulae (LRFS) israther wide
and important for practical implications. For instance, an infinite series is gover-
ned by some LRF if and only if it can be represented as a linear combination of
products of exponential, polynomial and harmonic series. (See Chapter 5 for a
review of the entire theory.)

The series governed by LRFs admits natural recurrentcontinuationsince each
term of such a seriesis equal to alinear combination of several preceding terms.
Of course, the coefficients of this linear combination can be used for the continu-
ation aswell.

It is important that we need not necessarily search for an LRF of minimal di-
mension. Indeed, any other L RF governing the series produces the same continu-
ation.

The theory of Section 5.2, Chapter 5, indicates how to find an LRF, which
governs a series, with the help of SSA. The general idea can be described as
follows.
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Let d bethe minimal dimension of al LRFsgoverning F. (In this case we shall
say that the time series F' is governed by a minimal LRF of dimension d.) It can
be proved that if the window length L is larger than d, and the length of the series
is sufficiently large, then the tragjectory space of the series F' is d-dimensional.
Basic SSA provides a natural basis for the trajectory space.

The trgjectory space determines (under mild and natural restrictions) an LRF
of dimension L —1 that governs the series. If we apply this L RF to the last terms
of theinitial series F', we obtain the continuation of F'.

The same idea may work if we want to continue an additive component F(1)
of a series F. Here we assume that F(1) is governed by an LRF and is strongly
separable from the residual series F?) = F— F( for the selected value of the
window length L. It should be mentioned that if two series are strongly separable,
then each of them must satisfy some LRF (see Remark 6.1 in Section 6.1.1).

In practice, it is not reasonable to assume that the series of interest is governed
by an LRF of relatively small dimension. In this way we come to the concept
of approximaterecurrentcontinuation which can and will also be called the re-
current forecasting We thus suppose that the series F' under consideration can
be expressed as a sum of the series F'(1) admitting recurrent continuation and the
residual series F (). If we consider the residual s as anoise, then we have the prob-
lem of forecasting the signal F(!) in the presence of the noise F(2), We may also
have the problems of forecasting the series F'(!) regarded as atrend or a seasonal
component of F'.

The main assumption is that for a certain window length L, the series com-
ponents F(1) and F(?) are approximately strongly separable. Then, acting as in
Basic SSA, we reconstruct the series F(1) with the help of a selected set of eigen-
triples and obtain approximations to both the series F(1) and its trajectory space.
In other words, we obtain both the LRF, approximately governing F'(!), and the
initial data for this formula. Hence we obtain aforecast of the series F/(1),

Thetheory of the method can befound in Chapter 5. The contents of the present
Chapter are as follow.

Section 2.1 formally describes the general SSA forecasting algorithm. The rest
of the chapter is devoted to study of this algorithm and related discussions.

Section 2.2 describes the principles of SSA forecasting and its relations to lin-
ear recurrent formulae. Several modifications of the general SSA forecasting al-
gorithm are considered in Section 2.3.

Section 2.4 is devoted to a description of different ways of constructing confi-
dence intervals that can be used for checking the forecast accuracy and stability.
After the summarizing Section 2.5, several forecasting examples are presented in
Section 2.6.

When dealing with continuation, we always need to bear in mind the length of
the series under continuation. Therefore, we usually incorporate this length into
the notation of the series and write, for example, F'y rather than simply F.
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2.1 SSA recurrent forecasting algorithm

Let us formally describe the forecasting algorithm under consideration.

Algorithminputs:

(@ Timeseries Fx = (fo, ..., fn-1), N > 2.

(b) Window length L, 1 < L < N.

() Linear space £, C R” of dimension » < L. It is assumed that e; ¢
2., where e, = (0,0,...,0,1)T € RE. In other terms, £, is not a ‘vertical’
space. In practice, the space £, is defined by its certain orthonormal basis, but the
forecasting results do not depend on this concrete basis.

(d) Number M of pointsto forecast for.

Notationsand Comments:

@X=[X1:...: Xg] (where K = N — L + 1) isthe trgjectory matrix of
the time series Fly.

(b) Py, ..., P.isanorthonormal basisin £,.

(© X f [)A(l D X’K] = > P,PIX. The vector )A(i is the orthogonal

=1

projection of X; onto the space £,..

d) X = HX = [X; : ... : Xg] isthe result of the Hankelization of the
matrix X. The matrix X is the trajectory matrix of some time series Fy =

(fO, LRI fN—l)-

(e) For any vector Y € R” we denote by Y, € R~ the vector consisting
of the last L — 1 components of the vector Y, while YV € R~ is the vector
consisting of thefirst L — 1 components of Y.

(fy Weset v? = 72 4 ... + 72, where 7; isthe last component of the vector P;
(i=1,...,L). Sincev? isthe squared cosine of the angle between the vector e,
and the linear space £,., it can be called the verticality coefficientof £,..

(9) Supposethat ey, ¢ £,.. (In other words, we assume that £, is not a vertica
space.) Then 2 < 1. It can be proved (see Chapter 5, Theorem 5.2) that the last
component y;, of any vector Y = (y1,...,yz)T € £, isalinear combination of
the first components vy, ..., yr_1:

YL =a1yrp—-1 +ayr—o+ ... +ap—1y1-

Vector R = (ar_1,...,a1)" can be expressed as
o . _V
R=1—"7j ;mPZ (2.2)
and does not depend on the choice of abasis P, . .., P. inthelinear space £,.

SSA recurrent forecasting algorithm:
In the above notations, define the time series G n+ar = (90, - - -, gn+m—1) by
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the formula

fi fori=0,...,N—1,

) L=

gi Eajgi,j forz':N,...,N—i—M—l. (22)
j=1

The numbers gy, ..., gnv+a—1 form the M terms of the SSA recurrent forecast.
For brevity, we call this algorithm SSAR-forecastingalgorithm

Remark 2.1 Let us define the linear operator P(") : £, — R’ by the formula

Y,
My = s Y . 2.3
e @9
If setting

X; fori=1,..., K
Zi=14 e 24
' {PWZH fori=K+1,...,K+ M, (24)
thematrix Z = [Z; : ... : Zk 4] isthe trajectory matrix of the series Gy -

Therefore, (2.4) can be regarded as the vector form of (2.2).

If £, isspanned by certain eigenvectors corresponding to the SVD of thetrajec-
tory matrix of the series F'y, then the corresponding SSA R-forecasting algorithm
will be called the BasicSSAR-forecastingalgorithm

Remark 2.2 Denote by £5) = span(X,..., Xx) the trgjectory space of the
series Fiy. Suppose that dim £2) = r < Land e, ¢ £, If we use the Basic
SSA R-forecasting algorithm with £, = £ then X = X = X and therefore
Fy = Fy. Thismeansthat the initial pointsgy_r+1,-..,9n—1 Of the forecast-
ing recurrent formula (2.2) coincide with the last L —1 terms of the series Fiy.

2.2 Continuation and approximate continuation

The algorithmic scheme described in the previous section is related to both the
series, which are governed by the linear recurrent formulae, and the SSA method-
ology. Let us describe the ideas that lead to SSA forecasting.

2.2.1 Linearrecurrentformulaeandtheir characteristicpolynomials

The theory of the linear recurrent formulae and associated characteristic polyno-
mials is well known (for example, Gelfond, 1967, Chapter V, §4). However, we
provide here a short survey of the most essential results. A more formal descrip-
tion can be found in Chapter 5.
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(a) Serieggovernedvy linear recurrentformulae

By definition, a nonzero series F'y = (fo,..., fn—1) is governed by a linear
recurrentformula (LRF) of dimension not exceeding d > 1 if

d
fiva =Y aifiran (25
k=1
for certain ay,...,aq Withay # 0and 0 < ¢ < N — d + 1. In the notation of
Section 5.2 thisis expressed as fdim(Fy ) < d. If

d = min(k : fdim(Fy) < k),

then we write fdim(Fx) = d and call d the finite-difference dimensioaf the
series Fiy. In the case when Fy is governed by LRF (2.5) and d = fdim(Fy),
the formula (2.5) is called minimal

If (2.5) holds but we do not requirethat a4 # 0, thenthetime series Fy satisfies
the LRF (2.5).

The class of series governed by LRFs is rather wide: it contains harmonic,
exponential and polynomial series and is closed under term-by-term addition and
multiplication. For instance, the exponential series f,, = e“™ is governed by the
LRF f,, = afn—1 Witha = e%, theharmonic series f,, = cos(2rwn + ¢) satisfies
the equation

fn = 2COS(27TW) fnfl - fn727

and so on. Other examples, as well as theoretical results, can be found in Sec-
tion5.2.

The difference between minimal and arbitrary L RFs governing the same series
can be illustrated by the following example. For the exponential series Fy with
fn=a"a=e*and N > 3,the LRF f, = af,_1 isthe minima one and
fdim(Fx) = 1. On the other hand, the series f,, = a™ sdtisfies the equation
o =2afn1— a2fn—2 for2<n<N-1.

To understand whether the LRF (2.5) is minimal for the series Fy with suf-
ficiently large IV, one can apply the following procedure. Consider the window
length L (1 < L < N) and suppose that d < min(L, K). In view of (2.5), the
L-lagged vectors X, ..., X satisfy the vector recurrent equation

d
Xita = ZaiXierflm 1<i<K—d.
k=1
Therefore, each X; is alinear combination of X1, ..., X,. If these vectors are
linearly independent, then the LRF (2.5) is minimal and vice versa.

These assertions can be formulated in other terms. Denote by £X) the trajec-
tory space of the series Fy satisfying (2.5). If d < min(L, K), then the equalities
fdim(Fy) = d and dim £%) = d are equivalent. Such a reformulation leadsto a
new concept.
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Let 1 < d < L. By definition, an arbitrary series Fiy has L-rank d (i.e.,
rank (Fy) = d) if dim £ = d.

If ranky (Fy) = d for any L such that d < min(L, K), then the time series
Fx hasrankd (briefly, rank(F ) = d).

Roughly speaking, each time series Fiy with fdim(Fx) = d has rank, and
this rank is equal to d. The following simple example shows that the opposite
assertionisnot true: letustake N = 7and Fiy = (1,1,1,1, 1,1, 2); then for each
L =2,...,6 wehaveranky(Fy) = 2, while no LRF of dimension d < 6 can
govern this series.

However, if rank;, (Fy) = d < L, then the series Fiy (with the exception of
severd first and last terms) is governed by an LRF of dimension dy < d.

ThisL RF can befound by the procedure described in Theorem 5.1 of Chapter 5,
but the procedure seems to be difficult for practical computations.

Moreover, let L > rank; (Fy) and e, ¢ £5). Let us denote r = dim £(%)
and take £, = 25 Then, as shown in Theorem 5.2 in the same chapter, the
series 'y satisfiesthe LRF

frvici=afryio+...+apafi, 0<i<K-—1, (26)

where R = (ar_1,...,a1)T isdefinedin (2.2).

This fact has a purely geometric origin; due to Theorem 5.2, if £ ¢ R” is
a linear subspace of dimension r < L and e, ¢ £, then the last component
yr, of any vector Y € £ is equal to the inner product RTY Y, where the vector
YV € RY! consists of thefirst L—1 components of thevector Y and Py, ..., P,
is an orthonormal basis of £.

(b) Characteristicpolynomialsandtheir roots

Let the series Fy = (fo,- .., fzv—1) have finite-difference dimension d and is
governed by the LRF
fat+i = a1 fari-1 + a2yari—2 + ... + aayi, aq # 0, (2.7

for 0 <1i < N — d. Consider the characteristicpolynomialof the LRF (2.7):
d
PaA) = A= apAth
k=1

Let Aq,..., A, bethe different (complex) roots of the polynomial Py()\). Since
aq 7 0, these roots are not equal to zero. We also have k1 + ... + k, = d, where
k., arethemultiplicities of theroots A,,, (m =1,...,p).

Denote f,,(m,j) = n/ A2 forl1 <m < pand0 < j < k,,—1. Theorem 5.3 of

m

Section 5.2 tells us that the general solution of the equation (2.7) is

P k?n —1

fn = Z Z cmjfn(m7j)7 (28)

m=1 j=0
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with certain complex c,,,;. The specific values of the ¢,,; are defined by the first
d elements of the series Fiy: fo, ..., fa—1.

Thus, each root ), produces a component

km—1

S =37 emjfa(m, 5) (29)

Jj=0

of the series f,,.

Let us fix m and consider this component in the case k,,, = 1, which is the
main case in practice. Set \,,, = pe?™, w € (—1/2,1/2], where p > 0 is the
modulus (absolute value) of the root and 27w isits polar angle.

If wiseither 0 or 1/2, then \,,, isareal root of the polynomial P,;(\) and the
series component £\™ is red and is equal to CmoA”,. This means that fm =
Ap™ for positive \,,, and fém) = A(—-1)"p" = Ap" cos(mn) for negative \,,,.
The latter case corresponds to the exponentially modulated saw-tooth sequence.

All other values of w lead to complex A,,,. Inthiscase, P,; hasacomplex conju-
gateroot \; = pe~ 2™« of the same multiplicity k; = 1. We thus can assume that
0 < w < 1/2 and describe a pair of conjugate roots by the pair of real numbers
(p,w) withp > 0andw € (0,1/2).

If we add together the components f,(f"‘) and f,(f) corresponding to these con-
jugate roots, then we obtain the redl series Ap™ cos(2mwn + ¢) with A and ¢
expressed in terms of ¢,,,o and ¢;g.

The asymptotic behaviour of fr(lm) essentially depends on p = |\,,,|. Let us

consider the simplest case k,,, = 1 asabove. If p < 1, then f,Sm) rapidly tendsto
zero and asymptotically has no influence on the whole series (2.8). Alternatively,
the root with p > 1 and |¢,,,0| # 0 leadsto arapid increase of | f,,| (at least for a
certain subsequence of n).

For example, if A,, = p = 0.8 and |¢,0| # 0, then \f,(]")\ becomes smaller
by approximately afactor 10 in 10 time steps and by afactor 5-10° in 100 steps.
If Ay = p = 1.2 (and |cimo| # 0), then | £{™| is increased approximately 6-fold
in 10 time steps and 8-107-fold in 100 steps. Similar effects hold for the series
component Ap™ cos(2mwn + ¢) corresponding to a pair of conjugate complex
roots: the series amplitude Ap™ rapidly decreases or increases depending on the
inequalitiesp < 1 or p > 1.

Theroot A\, with k,, > 1 produces k,,, terms in the sum (2.9). For example,
if \,, =1andk,, = 2, then f,Sm) = An+ B for some A and B. In other words,
the root 1 of multiplicity 2 generates alinear series. Example 5.10 of Section 5.2
treats the general case k,,, = 2 in detail.

If the series Fy has finite-difference dimension d, then the characteristic poly-
nomial of its minimal LRF (2.7) has d roots. As was mentioned above, the same
series satisfies many other LRFs of certain dimensions r > d. Consider such an
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LRF

Jrei = b1frvic1 +b2yryi2 + ...+ by (210

The characteristic polynomial P,.()\) of the LRF (2.10) has r roots with d roots
(we call them the main root3 coinciding with the roots of the minimal LRF. The
other r — d roots are extraneousin view of the uniqueness of the representation
(2.9), the coefficients c,,, ; corresponding to these roots are equal to zero. However,
the LRF (2.10) governs awider class of series than the minimal LRF (2.7).
Sincetheroots of the characteristic polynomial specify its coefficients uniquely,
they also determine the corresponding LRF. Consequently, by removing the ex-
traneous roots of the characteristic polynomia P,.()\), corresponding to the LRF
(2.10), we can obtain the polynomial describing the minimal LRF of the series.

Example 2.1 Annual seasonality
Let the series F)y have the period 12 (for instance, this series describes a season-
ality). Then it can be expressed as a sum of a constant and six harmonics:

5
fon=co+ Z ¢ cos(2mnk /12 4+ ¢i) + cg cos(mn). (2.11)
k=1

Under the condition that ¢, £ 0 for k = 0, . . ., 6 the series hasfinite-difference
dimension 12. In other words, the characteristic polynomial of the minimal LRF
governing the series (2.11) has 12 roots. All these roots have the modulus 1. Two
real roots (+1 and —1) correspond to the first and the last terms in (2.11). The
harmonic term with frequency wy, = k/12 generates two complex conjugate roots

exp(+i27k/12), which have polar angles +27k /12.

1.0

0.5

-0.5

-1.0
-1.0 -0.5 0 0.5 1.0

Figure2.1 Annual seasonality: main and extraneous roots.

Let us now consider an LRF that is not minimal. Let N be large enough. If
we select certain L > 13 and take r = 12, £, = £)(Fy), then the vector
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R =(ag_1,...,a;)" definedin (2.1) produces the LRF

firr—1=a1fixp—2+...+ar-1fi (212
whichisnot minimal but governsthe series (2.11).
Letustakecy = ... =cs =1,¢1 = ... = ¢5 = 0 and L = 24. The roots

of the characteristic polynomia of the formula (2.12) are depicted in Fig. 2.1. We
can see that the main 12 roots of the polynomial form aregular dodecagon, with
the vertices on the unit circle of the complex plane. Eleven extraneous roots can
be seen around zero; they have small moduli.

2.2.2 Recurrentcontinuationof time series

If the time series F)y is governed by an LRF (2.10) of dimension » < N, then
there exists anatural recurrentcontinuationof such a series produced by the same
formula (2.10). Whether LRF is minimal or not is of no importance since the
extraneous roots have no influence on the series Fy .

(a) L-continuation

It isimportant to reformul ate the concept of recurrent continuation in purely geo-
metrical terms. Let us start with a definition.

Consider a time series Fy = (fo,..., fxv—1) ad fix awindow length 1 <
L < N. Denote by X,..., Xk the corresponding L-lagged vectors, and set
£ = gpan(Xy,..., Xk). Let d = dim £2). (In other terms, the L-rank of
the series F'y isequal to d.) Evidently, d < min(L, K).

We say that the series Fiy admitsa continuationin £ (or, briefly, admitsL-
continuation) if there exists a uniquely defined fN such that all L-lagged vectors

of the series F 41 = (fo, ..., fv—1, fv) belong to £5). In this case, the series
Fny1 (aswell as the number fx) will be called the one-stepl.-continuationof
the series Iy .

Theorem 5.4 and Remark 5.9 in Section 5.3 provide the complete description
of those series that admit L-continuation. For the moment, the following is im-
portant.

1. If e, € £, then Fy does not admit L-continuation. As a consequence, if
d = L, then the series cannot be L-continued since the uniqueness condition
does not hold.

2. Ifd< L<Kandey ¢ £, thenthe series Fy admits L-continuation. From
now on we assume that these assumptions concerning £ are satisfied.

3. Theone-step L-continuation of the series Fy can be performed by the formula

L—1
=" ar fn-r, (2.13)

k=1
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wherethevector R = (ay_1,...,a;)" isdefined in the formula (2.1) applied
tothe space £, = £1).
4. Theseries Fiy isgoverned by the same LRF (2.13), that is
L—-1

fi+L:zakfz’+L—k7 0<i<N-L-1.
=1

5. If the series Fy admits a one-step L-continuation, then it can be L-continued
for an arbitrary number of steps. Therefore, we can consider an infinite series
I whichisthe L-continuation of Fly.

6. Lettheseries Fiy satisfy an LRF
do
fivdo = Zbk Jitd—rk, 0<i<N—dy—1, (2.14)
k=1

and dy < min(L — 1, K). Thend < do, e, ¢ £ and the series will admit
L-continuation, which can be produced by the same formula (2.14).

These properties are not surprising in view of the results discussed above concern-
ing the correspondence between the serieswith fdim(Fy ) = d andrank, (Fy) =
d. Reformulated in terms of continuation, this correspondence means that under
the conditions rank, (Fy) < L < K ande;, ¢ £%) the concepts of recurrent
continuation and L-continuation are eguivalent.

(b) Recurrent continuation and Basic SSA forecasting

Let us return to the forecasting algorithm of Section 2.1, considering the case of
Basic SSA R-forecasting.
Supposethat £, = £, ¢, ¢ £ andr < L < K. Then

r = rankL(FN) = fdlm(FN)

and the series Fy isgoverned by an LRF of order r. In other words, the series Fiy
admits L-continuation. B

Since the vectors X; belong to the linear space £,., the matrix X of the fore-
casting algorithm coincides with the trgjectory matrix X for the initial series Fly.

Denote by Fy. s recurrent continuation of the series Fiy for M steps. This
continuation can be performed with the help of the LRF (2.6), as the latter gov-
erns the series Fy. By the algorithm description, the forecasting formula (2.2) is
produced by the same LRF (2.6).

Therefore, the series Gy ;- 5, defined by theformula(2.2) isequal to Fiy s and
the SSA R-forecasting algorithm with £,. = g produces recurrent continuation
of the series F)y. The vector form (2.4) of the algorithm corresponds to the L-
continuation.

To obtain the vector R, we must have an orthonormal basis of the linear space
£ see formula (2.1). Dedling with SSA, the SVD of the trajectory matrix
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X for the series F)y provides us with the eigenvectors (left singular vectors)
Uy, ...,U,,whichformanatural basis of £) Therefore, if the series Fyy admits
L-continuation, the latter can be performed with the help of SSA.

Other choices of £, can lead to continuation of the series components. Let
Fy = FI(\,1 )+ Fj(f) with nonzero FJ(\,1 ) and Fz(v2)- Denote the L-lagged vectors of
theseries £ by XV ... XV and set £ = span(xV, ..., x (V).

Let r = dim £5Y and assumethat r < L < K and e;, ¢ £5Y. Then
the series F](Vl) admits L-continuation and the SSA R-forecasting agorithm with
£, = £ performs this continuation.

Suppose that series F](Vl) and F](\?) are strongly separable for the window length
L < K (see Section 1.5) and denote by X the trgjectory matrix of the series Fy .

Then the SVD of the matrix X produces both the space £,. and the series F](\,l).

Indeed, let U; (i = 1,..., L) bethe eigenvectors of the matrix S = XX and
letI ={ji,...,5.} C{1,..., L} betheset of indices corresponding to thetime
seriesFZ(Vl). If weteke P, = U;,, i =1,...,r,then £, = span(Py,...,P,) and
r < L. The series FI(VU can be obtained in terms of the resultant Hankel matrix,
which is produced by the grouping of the elementary matrices corresponding to
the set of indices I.

Therefore, Basic SSA gives rise to the continuation of the series component
which is accomplished by the Basic SSA R-forecasting algorithm. Note that if

FI(Vl) and FJ(VQ) are strongly separable, then both dimensions of their trgjectory
spaces are smaller than L.

2.2.3 Approximatecontinuation

The problems of exact continuation have mainly atheoretical and methodological
sense. In practice, it is not wise to assume that the series obtained by measure-
ments is governed by some LRF of relatively small dimension. Thus, we pass to
the concept of approximate continuation, which is of greater importance in prac-
tice.

(a) Approximateseparabilityandforecastingerrors

Let Fy = F](\,1 ) 4+ FZ(VQ) and suppose that the series FJ(VD admits a recurrent con-
tinuation. Denote by d the dimension of the minimal recurrent formula governing

FI(Vl). If d < min(L, K), thend = rankL(F](Vl)).

If F](Vl) and FJ(VQ) are strongly separable for some window length L, then we
can perform recurrent continuation of the series F](Vl) by the method described
in Section 2.2.2. We now assume that Fz(vl) and F](VQ) are approximately strongly
separable and discuss the problem of approximate continuation of the series FJ(\,”.

If F](f) is small enough and signifies an error or noise, this continuation can
be regarded as a forecast of the signal F](\,l) in the presence of noise F}VQ). In
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other cases we can describe the problem as that of forecasting an interpretable
component F](Vl) of Fy: for example, forecasting itstrend or seasonal component.

Asabove, to do the continuation we use the Basic SSA R-forecasting algorithm
described in Section 2.1. Formally, we assume that the following conditions hold.

1. The series of length N and window length L provide approximate strong
separability of the series F{") and F{?.

2. Let

X =Y VAUV

be the SVD of the trgjectory matrix X of the series Fy. Then the choice of
the eigentriples {(v/A;, Ui, Vi) Yier, I = (i1, ... ,i,), associated with F{”
alows us to achieve (approximate) separability.

3. d ¥ fdim(F{)) <r < L < K.

4. ep, ¢ span(U;,i € I). Inother terms, Y-, uZ; < 1, whereu;,, isthelast
component of the eigenvector U,.

If these conditions hold, then we can apply the (Basic) SSA R-forecasting algo-
rithm, taking £, = span(U;,7 € I) and P; = U;,. Theresult gn, ..., 9Ny -1
is called the approximaterecurrentcontinuationof the series Fy.

Let us discuss the features of this forecasting method. The forecast series g,
(n > N) defined by (2.2), generally does not coincide with recurrent continuation
of the series F](Vl). The errors have two origins. The main one is the difference

between the linear space £, and £(%!), the trajectory space of the series F{').
Sincethe LRF (2.2) isproduced by thevector R and thelatter isstrongly related to
the space £,. (see Proposition 5.5 of Chapter 5), the discrepancy between £, and
g produces an error in the LRF governing the forecast series. In particular,
the finite-difference dimension of the forecast series g, (n > N) is generally
greater than d.

The other origin of the forecasting errorsliesin theinitial datafor the forecast.

For recurrent continuation, theinitial dataisfj(vl)_LH, NN 1(\,1)_1,where FV isthe

nth term of the series FJ(\,l). In the Basic SSA R-forecasting algorithm, the initial
dataconsistsof thelast L—1 termsgny _1+1,- - -, gn—1 Of thereconstructed series.
Since generaly f,(f) = gn, theinitial data producesits own error of forecasting.
On the other hand, if the quality of approximate separability of FI(VU and FI(VQ)
is rather good and we select the proper eigentriples associated with F(1)| then we
can expect that the linear spaces £, and £/%°") are close. Therefore, the coeffi-
cients in the LRF (2.2) are expected to be close to those of the LRF governing

recurrent continuation of the series F](\,l). Analogously, approximate separability

impliesthat the reconstructed series g,, iscloseto f,(f) , and therefore the errors of
the initial forecasting data are small. As a result, in this case we can expect that
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the Basic SSA R-forecasting procedure provides a reasonable approximation to
recurrent continuation of FI(V”, at least in the first few steps.
The following artificial example illustrates the role of separability in forecast-

ing.

Example 2.2 Separability and forecasting
Let us consider the series Fiy = FJ(VI) + FJ(VQ) with N = 100,

fo=f+ 3, (M =38a", f2 =sin(2rn/10)

and a = 1.01. Note that the seriesF](Vz) has finite-difference dimension 2 and F](\,1>
is governed by the minimal LRF M =a 121_)1

If we want to forecast the series Fj(vl), then we have to choose the window
length L and take just one eigenvector of the corresponding SVD as the basis of
the linear space £;. (In this example, the leading eigenvector is acceptable for a
wide range of L.)

Evidently, the forecasting result dependson L. The choice of thewindow length
L can be expressed in terms of separability: a proper L ought to provide good
separability characteristics. Let us compare the choice of two window lengths,
L = 50 and L = 15, from the viewpoint of forecasting. Since exponential and
harmonic series are asymptotically separable, the window length L = 50 seems
to provide a good separation, while L = 15 should be regarded as too small.

The results for both Basic R-forecasting procedures are depicted in Fig. 2.2,
where the top thick line starting at » = 101 corresponds to . = 50, and the
analogous bottom thick line relatesto L = 15. The thin line indicates the initial
series Fiy continued up to n = 190, which is the last forecasting point.

19.5

17.3

8.7

6.6

4.4

2.3
10 40 70 100 130 160 190

Figure 2.2 Forecasting accuracy: two variants of window length.
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For L = 50, the choice of the first eigentriple in correspondence with FI(VU
leads to the w-correlation pg'g” = 0.0001 and the maximum cross-correlation
pLK) = 0.034. Therefore, the achieved separability should be regarded as rather
good. If we take L = 15, then we obtain p{%) = 0.0067 and pZ-%) = 0.317,
which means that the separation is poorer.

If we compare the forecasting results at the point n = 190, then we observe
that the window length L = 50 provides the relative forecast error of about 2%,
while the choice L = 15 gives ailmost 9%. This difference is not surprising since
thewindow length L = 15 istoo small for achieving good separability.

Note that both forecasts underestimate the true series. This can be explained in
terms of the characteristic polynomials. Indeed, the main root of the polynomial
Py4()) corresponding to L = 15 isequal to 1.0091. The analogous root for L =
50 is 1.0098. The (single) root of the polynomia corresponding to the minimal
LRF governing F](\,l) isa = 1.01. The arrangement of the roots coincides with the

arrangement of the two forecasts and the exponential series f,(ll) =a".

(b) Approximate continuation and the characteristic polynomials

Let us return to the errors of separability and forecasting. The discrepancies be-
tween £, and £5°1) can be described in terms of the characteristic polynomials.
We have three LRFs: (i) the minima LRF of dimension d governing the series
FI(\,”, (ii) the continuation LRF of dimension L — 1, which aso governs FJ(\,”, but
produces L—d—1 extraneous roots in its characteristic polynomial Py,_1, and (iii)
the forecasting L RF governing the forecast series g,, (n > N). The characteristic
polynomial Péf_)l of the forecasting LRF also has L —1 roots.

If £, and 21 are close, then the coefficients of continuation and forecasti ng
recurrent formulae must be closetoo. Therefore, all simpleroots of the forecasting
characteristic polynomial Pif_)l must be close to that of the continuation polyno-
mial P;,_. Theroots \,, with multiplicities k,,, > 1 could be perturbed inamore
complex manner.

Example 2.3 Perturbation of the multiple roots
Let us consider the series F'y with

fn=(A+0.1n) +sin(27n/10), n=0,...,199.

Evidently, Fiy = F{’ + F with the linear series F}) defined by f{" =
A + 0.1 n and the harmonic series FJ(VQ) corresponding to O = sin(27n/10).

The series F)y has finite-difference dimension fdim(Fy) = 4. Therefore, any
LRF governing F produces a characteristic polynomial with four main roots.
These main roots do not depend on A; the linear part of the series generates one
real root A = 1 of multiplicity 2, while the harmonic series corresponds to two
complex conjugate roots with modulus p = 1 and w = 0.1.
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Our aim is to forecast the series FI(Vl) for A = 0 and A = 50 with the help of
the Basic SSA forecasting algorithm. In both cases, we take the window length
L = 100 and choose the eigentriples that correspond to the linear part of the
initial time series Fiy. (For A = 0 we take the two leading eigentriples, while for
A = 50 the appropriate eigentriples have the ordinal numbers 1 and 4.) Since the
series FJ(V” and F](VZ) are not exactly separable for any choice of L, we deal with
approximate separability.

The forecasting polynomials Péji)l with A = 0 and A = 50 demonstrate dif-
ferent splitting of the double root A = 1 into two simple ones. For A = 0 there
appear two complex conjugate rootswith p = 1.002 and w = 0.0008, whilein the
case A = 50 we obtain two real roots equal to 1.001 and 0.997. All extraneous
roots are less than 0.986.

This means that for A = 0 the linear series F](vl) is approximated by a low-
frequency harmonic with a slightly increasing exponential amplitude. In the case
A = 50 the approximating series is the sum of two exponentials, one of them is
dlightly increasing and another oneis slightly decreasing.

These discrepancies lead to quite different long-term forecasting results. oscil-
lating for A = 0 and exponentialy increasing for A = 50.

In the case of a large discrepancy between £, and £-°V), both the main and
the extraneous roots of the continuation polynomial can differ significantly, and
the error of the forecasting procedure can be rather large.

Evidently, such an error depends on the order L — 1 of the characteristic poly-
nomials as well; the bigger the number of the perturbed extraneous roots, the less
precise the forecasting procedure may become.

On the other hand, the conditions for approximate separability are usually
asymptotic and require relatively large L. In practice, this means that we have
to take the smallest window length L providing a sufficient (though approximate)
separability.

2.3 Modificationsto Basic SSA R-forecasting

The Basic SSA R-forecasting algorithm discussed in Section 2.2 should be re-
garded as the main forecasting agorithm due to its direct relation to the linear
recurrent formulae. Nevertheless, there exist several natural modifications to this
algorithm that can give better forecasts in specific situations.

2.3.1 SSA vector forecasting

Let usreturn to Basic SSA and assume that our aim isto extract a certain additive
component F](\,l) from a series Fy. In this agorithm, for an appropriate window
length L, we obtain the SV D of the trgjectory matrix of the series F' and select

the eigentriples (v/X;, U, Vi), i € I = (j1, ..., j,), corresponding to F{. Then
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we obtain the resultant matrix
X, =Y VAUVT
il
and, after diagonal averaging, we obtain the reconstructed series ﬁfvl) that esti-
mates FJ(V”.

Note that the columns )?1, e J?K of the resultant matrix X; belong to the
linear space £, = span(U;,i € I). If F](Vl) is strongly separable from F](\,Q) def
Fy — F{, then £, coincideswith £(™) (the trajectory space of the series ")
and X is a Hankel matrix (in this case X; is the trgjectory matrix of the series
FI(Vl)). If FJ(V” and F](VQ) are approximately strongly separable, then £, is close to
£ and X ; is approximately a Hankel matrix.

Briefly, the idea of ‘vector forecasting’ can be expressed as follows. Let us
imagine that we can continue the sequence of vectors X, ..., X for M steps
in such a manner that:

1. The continuation vectors Z,,, (K < m < K + M) belong to the same linear
space £,

2. The matrix X, = [)A(l o )?K :ZK41 .. Zwu] IS approximately a
Hankel matrix.
Having obtained the matrix X, we can obtain the series Gy 15, by diagona

averaging. Since the first elements of the reconstructed series ﬁ](vl) coincide with

the elements of G v s, the latter can be considered to be a forecast of FJ(V” :

Now let us give a formal description of the SSAvectorforecastingalgorithm
(briefly, V-forecasting in the same manner aswas donein Section 2.1 for the SSA
recurrent forecasting algorithm.

Preliminaries:

e The SSA vector forecasting algorithm has the same inputs and conditions as
the SSA R-forecasting algorithm.

e The notation in (8)-(g) of Section 2.1 is kept. Let us introduce some more

notation.
Consider the matrix

m=v' (V)T + (1 -v»)RRT, (2.15)
where VY = [P} : ... : PY]. Thematrix II isthe matrix of thelinear operator

that performs the orthogonal projection RX~! — £ (see Proposition 5.9 in
Section 5.3), where £ = span(Py, ..., PY).

We define the linear operator P(*) : £, — R by the formula

Iy,
(U) = A
POy ( . A), Y eeg,. (2.16)
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SSAvectorforecastingalgorithm:
1. Inthe notation above we define the vectors Z; asfollows:

X; fori=1,..., K
7. — i AR 217
' {P“”Zil fori=K+1,..., K+M+L—1. (2.17)
2. By constructing the matrix Z = [Zy : ... : Zg+nm+r—1] and making its

diagonal averaging we obtain aseries go, ..., N+ M+L—1-
3. Thenumbers gy, ..., gn+a—1 formthe M terms of the SSA vector forecast.

If £, isspanned by certain eigenvectors obtained by Basic SSA, we shall call
the corresponding algorithm the Basic SSAvectorforecastingalgorithm Let us
discussits features.

(a) Continuation
If £, is the trajectory space of the series Fiy (in other words, if we act under
the assumptions of Section 2.2.2), then the result of the vector forecasting coin-
cides with that of the recurrent one. Thus, in this case the V-forecasting algorithm
performs recurrent continuation of the series Fy.

More precisely, in this situation the matrix II is the identity matrix, and (2.16)
coincideswith (2.3). Furthermore, the matrix Z has Hankel structure and diagonal
averaging isthe identical operation.

The same coincidence holds if Fy = F](Vl) + F{, the series F](Vl) and F](\?)
are strongly separable, and £,. isthe trgjectory space of the series F](\,l) . TheBasic
SSA V-forecasting then performs recurrent continuation of F](Vl).

(b) Forecasting

Though the results are the same, the essentials of recurrent and vector forecasting
are different. Briefly, recurrent forecasting performs recurrent continuation di-
rectly (with the help of LRF), while vector forecasting dealswith L-continuation.
In the case of approximate continuation, the two forecasting algorithms usually
give different results.

In atypical situation, there is no time series such that the linear space £, (for
r < L — 1) isitstrajectory space, and therefore (see Proposition 5.6) this space
cannot be the trajectory space of the series to be forecasted. The recurrent fore-
casting method uses £, to obtain the LRF of the forecast series.

The vector forecasting procedure tries to perform the L-continuation of the se-
riesin £,; any vector Z; 1 = PV Z, belongsto £,, and Z7, ; isascloseto (Z;)
asit can be. The last component of Z;_; is obtained from Z7, , by the LRF ap-
plied in the recurrent forecasting. Since the matrix Z isnot aHankel one, diagonal
averaging works in the same manner asin Basic SSA.

(c) Details

Both forecasting methods have two general stages: diagonal averaging and con-
tinuation. For the recurrent forecasting, diagonal averaging is used to obtain the
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reconstructed series, and continuation is performed by applying the LRF. In the
vector forecasting method, these two stages are used in the reverse order; firgt,
vector continuation in £, is performed and then diagonal averaging gives the
forecast values.

Notethat in order to get M forecast termsthe vector forecasting procedure per-
forms M+ L—1 steps. The aim is the permanence of the forecast under variations
in M: the M -step forecast ought to coincide with the first M values of the fore-
cast for M +1 or more steps. In view of the features of diagonal averaging, we
have to produce L —1 extra steps.

(d) Comparison

If the series admits recurrent continuation, then the results for both Basic SSA
forecasting methods coincide. In the case of approximate continuation they dif-
fer. Typically, a poor approximation implies a large difference between the two
forecasts.

In the case of approximate separability it is hard to compare the recurrent and
vector forecasting methods theoretically. Generally, the approximate coincidence
of the two forecasting results can be used as an argument in favour of the fore-
casting stability.

Recurrent forecasting is smpler to interpret due to the description of LRFsin
terms of the characteristic polynomials. On the other hand, results of dataanalysis
show that the vector forecasting method is usually more ‘conservative’ (or less
‘radical’) in those cases when the recurrent forecasting method demonstrates rapid
increase or decrease.

2.3.2 ToeplitzSSAforecasting

Using Basic SSA recurrent and vector forecasting, we take £,. to be spanned by
certain eigenvectors Uy, k € I, of the SVD applied to the trgjectory matrix X of
the series Fy. In other words, the basis vectors P; of £, have the form P; = Uj,
(see Section 2.2.2). Other decompositions of the trajectory matrix lead to another
choiceof £,.

If the original series can be regarded as a stationary one, then as defined in
(1.34) the Toeplitz SSA decomposition

L
X = Z H;ZTF
=1

can be used in place of the SVD in Basic SSA. Here the H; stands for the ith
eigenvector of the Toeplitz lag-covariance matrix defined in (1.32). (See Sec-
tion 1.7.2 in Chapter 1 for details.)

Let us consider the SSA R-forecasting algorithm of Section 2.1. If we select a
set of indices I = (j1,...,Jr) andtake P; = H;, asthebasisvectorsin £,, then
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we obtain the ToeplitzSSAR-forecastingalgorithm Evidently, one can use the
vector forecasting variant in Toeplitz forecasting as well.

As was mentioned in Section 1.7.2, for relatively short intervals of stationa-
ry-like series, the Toeplitz SSA may give better separability characteristics than
Basic SSA. Therefore, if we have a problem of continuation of a sum of several
harmonic components of a stationary series, then Toeplitz forecasting may have
an advantage.

Moreover, if L is much smaller than K = N — L + 1, then the Toeplitz lag-
covariance matrix has a more regular structure than the standard lag-covariance
matrix used in Basic SSA. The eigenvectors of the Toeplitz |ag-covariance matrix
are also more regular. Since forecasting is based on the space £,. generated by the
eigenvectors (and does not use both the factor vectors and the singular values),
for stationary time series Toeplitz SSA forecasting may give more stable results.

2.3.3 Centringin SSAforecasting

To elucidate the characteristics of the (single) centring variant of SSA forecasting,
we start with a series that admits recurrent continuation.

Consider the series Fiy with fdim(Fy) = d > 1 and sufficiently large N.
As was described in Section 2.2, if we take the window length L such that d <
min(L, K') and suppose that the corresponding trajectory space £@) isnot aver-
tical one, then dim £ = d and the choice £, = £(%) leadsto recurrent continu-
ation of the series Fy, which is performed by SSA recurrent forecasting algorithm
of Section 2.1. Let us consider another way of doing such a continuation.

By definition, the space £ s spanned by the L-lagged vectors X, ..., Xk
of the series Fy. In the same manner asin Section 1.7, we denote by £ = & (X)
the vector of the row averages of the trgjectory matrix X. In other words, we set

E=(X1+...+ Xg)/K. (2.18)
Evidently, £ € £5). We set
SgL) :span(Xl—g,...,XK—g)ZS(L)—5~ (2.19)

Then (see Section 4.4) the dimension r %<’ dim £ is equal to either d or d—1.
Assumethat » > 1 (the case r = 0 corresponds to a constant series Fy).

Ifer ¢ E(L), then according to the proof of Theorem 5.2, the last component
yr of any vector Y € E(EL) is equal to the linear combination of its first L —1

components:
L—1
YL =Y Y, (2.20)
k=1
where the vector R = (ar_1,...,a1)" is obtained from SgL) by the formula

(2.1), with Py, ..., P, standing for an orthonormal basisin S(gL).
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Let us now consider the infinite series F', which is recurrent continuation of
Fy, and denote by X; (i > K) the ith L-lagged vector in the series F'. Since
X1,..., Xk span the space £, and X; € £ for any i > K, it follows that
X, —€¢€ E(EL) for any i.

Let us denote by z,(j) the kth component of the vector X; — £. In view of (2.20)

we obtain
L—-1
Z(Li) = Z akz(Li)_k. (2.21)
k=1
Rewriting (2.21) intermsof X; = (f;_1,..., fi+r_2)" wecometotheequalities
L—-1
fivr—2 = Z akfirr—o—k+er —RYEY, i>1, (2.22)
k=1

where ¢, isthe last component of the vector £.

Thus, we have arrived at the heterogeneouinear recurrentformula governing
the series Fiy and performing its recurrent continuation. Evidently, if £ = 0,
then (2.22) coincides with recurrent continuation formula which is obtained in
terms of £(%), see Section 2.2.

The transition from the tragjectory space £ to the space (2.19) is considered
in Sections4.4 and 1.7, where the features of the centring versions of the SVD and
Basic SSA are discussed. In terms of these Sections, L‘ff) corresponds to single
centring.

Single centring ideas give rise to versions of both recurrent and vector SSA
forecasting agorithms for Basic and Toeplitz forecasting. Let us describe these
versions in the formal manner of Section 2.1. For brevity, we present only the
modified items within the description of the algorithms.

There are two versions of these modifications. If we are reconstructing a com-
ponent of a time series with the help of the centring variant of the Basic (or
Toeplitz) SSA, we can either include the average triple into the list of the eigen-
triples selected for reconstruction or not. These two possibilities are kept in the
centring variant of SSA forecasting

Now let £, be a subspace of R* of dimension r < L, e, ¢ £, and let
Py, ..., P. besomeorthonormal basisof £,.

If we do not take average triple for the reconstruction, then:

1. The matrix X (Section 2.1, Notation and Commentiem b) is defined as

X=[X1:...:Xg] =) PP'X-A), (2.23)
i=1
where A = [€ : ... : £] and the vector £ hasthe form (2.18).
2. Formula (2.2) and its vector version defined by (2.3) and (2.4) are kept for
the recurrent variant of SSA centring forecasting. Analogously, for SSA vector
forecasting, the formulae (2.16) and (2.17) are kept.

Copyright © 2001 CRC Press, LLC



In the case when we take the average triple for the reconstruction, we have
1. Matrix X is defined as

X=[Xi:...: Xg) =) PPIX-A)+A,
i=1
in the same notation as (2.23).
2. (i) Inrecurrent forecasting, the formula (2.2) is modified as

fi fori=0,...,N—1,
gi={ L=l
! > ajgi—j+a fori=N,....N+M-1
i=1

witha = e, —RTEY. To modify its vector form (2.3), (2.4), we keep the | atter
formula and replace (2.3) by

Y, — €7
(roy — A
proy <RT(YA_SV>>+5,

where the operator P("¢) maps £, + £ to R”.

(it) In SSA vector forecasting variant, the formula (2.17) is kept and (2.16) is
replaced by

(ve)y H(YA - SV) )
PIY = (RT(YA _ g +&, Yeg +¢€.
If we use Basic SSAcentring forecasting then the vectors P; (1 < ¢ < r)
are selected from the set of the SVD eigenvectors for the matrix X — A.. In the
Toeplitzvariant, the Toeplitz decomposition of X — A isused instead.

Note that the double centring variant of SVD (see Section 4.4) can hardly be
used for forecasting in the style under consideration. The main reason for thisis
that the double centring is applied to both the rows and columns of the trgjectory
matrix, while the SSA forecasting algorithm of Section 2.1 and al its modifica-
tions and variants are based on the linear space £,., which is associated only with
the columns of the trajectory matrix.

2.3.4 Other ways of modification

There exist numerous versions of the forecasting methods based on the SSA ideas.
Let us mention severa of these versions, stating them as problems to be solved
rather than as methods recommended for direct usein practice.

(a) Minimal recurrent formula: Schubert and reduction methods

The linear recurrent formula applied in the recurrent SSA forecasting algorithm
has dimension L — 1 (L is the window length), while the minimal recurrent for-
mulagoverning the series Fy (if any) can have amuch smaller dimension. There-
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fore, for a window length sufficient for approximate separability, it is natural to
look for the LRF of relatively small dimension to perform a reasonable forecast.

Assume that the series Fiy admits arecurrent continuation. One way of finding
itsminimal LRF is described in Theorem 5.1 of Section 5.2, where such an LRF
is explained in geometrical terms of the Schubert basis (Schubertmethod). An-
other possibility arises if we can distinguish the main and extraneous roots of the
characteristic polynomial of the LRF. In this case we can remove the extraneous
roots and come to the minimal formula (reductionmethod).

Both methods are theoretically exact if fdim(Fx) < min(L, K). However,
their practical usefullness is not at all obvious since we deal with approximate
separability, which produces perturbations of all results.

The stability of the Schubert method under data perturbations has not yet been
checked. Therefore, thereisadanger that not only the coefficients of the obtained
‘minimal’ LRF but even its dimension can vary significantly under small varia-
tionsin the data. Also, the method seemsto be much more complicated than Basic
SSA R-forecasting.

The modification of the Basic SSA R-forecasting algorithm based on the reduc-
tion of the polynomial roots works well if the main roots are properly indicated
and the perturbation in the datais not very large. Otherwise the forecasting results
can be unpredictable. An example of applying the reduction recurrent forecasting
algorithm can be found in Section 2.6.1.

Note that both methods can be used only for recurrent forecasting. Moreover,
the problem of the initial data arises again; the errors in the initial data for the
minimal LRF can affect the forecast more severely than for an LRF of large di-
mension.

(b) Thenearestsubspace

If Fy admits recurrent continuation, then the choice £, = £ |eads to the LRF
governing Fy. In the case of approximate separability, the forecasting LRF is
calculated through the selected linear space £,., which typically cannot be the
trajectory space of any time series (see Proposition 5.6 in Section 5.2).

One can try to solve this annoying contradiction in the following manner. Let
us state the problem of finding alinear space £/, asfollows: (a) the space hasthe
same dimension r astheinitial space £,., (b) £.. isthetrajectory space of acertain
time series, and (c) £.. isthe closest to £, (the cosine of the angle between these
spaces is maximum).

If the errors in data are not very large, then such a space can be regarded as
an appropriate ‘estimate’ of the trgjectory space of a series under recurrent con-
tinuation. The space £/, being found, the corresponding LRF of dimension L — 1
appears, and the specific form of the forecast by this LRF depends on the initial
data. Sincethe vector consisting of thelast L — 1 points of the reconstructed series
does not generally belong to £/., we can perform its orthogonal projection onto
this linear space and take the result for the initial forecast data.
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We do not discuss here the general algorithmic problem of finding this near-
est subspace. Let us consider the simplest case r = 1 when the space £, is
spanned by avector X = (zy,...,27)T, and £ must be spanned by the vec-
torY, = (1,a,...,a=1)T. Then the optimal « gives the maximum value for the
expression | (X, Y,)|/||X|| ||Ya|| and can be obtained by simple calculations.

The optima a being obtained, we must find the corresponding LRF, that is
the vector R (see formula (2.1) in Section 2.1). In the one-dimensional case this
problemisrather simple aswell, since all the components of the formula (2.1) are
expressed in terms of the single vector P, = Y, /||Ya]l-

Omitting the calculations we present the result for the case |a| # 1:

R =C(a)(1,a,...,a""?)T (2.24)
with

ab~1(a® - 1)
2L—2 _ |

C(a) =

We can now apply the LRF so obtained to the appropriate initial data.

Evidently the one-dimensional caseis convenient for the reduction of the extra-
neous polynomial roots; the LRF defined by (2.24) defines a characteristic poly-
nomial with asinglemainroot A = a. Therefore, taking the last term of the recon-
structed series asthe initial point and applying the recurrent formula f,, = af,,_1,
we make the forecast based on both ideas: that of the nearest subspace and the
minimal LRF.

2.4 Forecast confidence bounds

According to the main SSA forecasting assumptions, the component F](\,l) of the
series 'y ought to be governed by an LRF of relatively small dimension, and the

residual series F](f) = Fy — F](Vl) ought to be approximately strongly separable
from FI(Vl) for some window length L. In particular, FZ(Vl) is assumed to be afinite

subseries of an infinite series F(1), which is a recurrent continuation of F{.
These assumptions cannot be ignored, but fortunately they hold for a wide class
of practical problems.

To establish confidence bounds for the forecast, we have to apply even stronger

assumptions, related not only to Y but to F](f) as well. First, let us consider
FI(VQ) as afinite subseries of an infinite random noise series F'(?) that perturbs the
signal F(), The other assumptions can hardly be formulated in terms of F{”
only; they mainly deal with the residual series 131(\,2) = Fn — ﬁfvl), where 151(\,”
is the reconstructed component of F. Since f](\,” ~ F](Vl), the features of ﬁl(\,z)

are strongly related to those of F](VQ) . A more precise formulation of the additional
assumptions depends on the problem we are solving and the method that we are

applying.
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Here we consider the following two problems, related to construction of the
confidence bounds for the forecast. The first problem is to construct a confidence
interval for theentireseries FF = F(1) + F(2) a somefuture point intime N + M.
The second problem can be formulated as a construction of confidence boundsfor
the signal F(1) at the same future point in time.

These two problemswill be solved in different ways. Thefirst usestheinforma-
tion about the forecast errors obtained by processing the series. This variant can
be called the empirical one. The second requires additional information about the
model governing the series ﬁj(vz) to accomplish abootstrap simulation of the series
Fx (see Efron and Tibshirani, 1986, Section 5, for general bootstrap concepts).

Let us briefly discuss both problems of constructing the confidence bounds for
the Basic SSA R-forecasting method. All other SSA forecasting procedures can
be treated analogoudly.

2.4.1 Empirical confidence intervals for the forecast of the initial series

Assume that we have aready obtained the forecast value f](\,li M1 that is, we
have already performed M steps of the Basic SSA R-forecasting procedure. By
definition, we use f}vll w1 s the forecast of the (future) term fj(vl}r My Of the
signad F(M, As was already mentioned, our problem is to build up a confidence
interval for the (future) term fy /1 Of the series F.

Let us consider the multistart A/ -step recurrent continuatioprocedure. We
take a relatively small integer M and apply M steps of recurrent continuation
produced by the forecasting L RF modifying theinitial datafrom (f{", ..., fi".,)
to (f\ o f ) K =N—L+1.

The last points g;4+ar4+1—1 Of these continuations can be compared with the
values f;iar+r—1 Of theinitial series Fy. We thus obtain the multistart A/-step
residual seried i _ ;1 With

hE-M) = fi+M+L-2 — gj+M+L-2, J=0,..., K — M.

Suppose for the moment that the reconstructed series fl(vl) coincides with FI(V”

and the forecasting LRF governs it. Then g, = ,21) and the multistart M -step
residual series coincides with the last K — M + 1 terms of the stationary noise
series Fl(f) .

If these suppositions are not valid, then th ) does not coincidewith fj(ﬂw “L_2
Even so, let us assume that the multistart M -step residual series is stationary
and ergodic in the sense that its empirical cumulative distribution function (c.d.f.)
tends to the theoretical c.d.f. of the seriesas N — oo. Then, having the series
Hy_p41 @ hand, we can estimate certain of its quantiles (for example, the up-
per and lower 2.5% ones).

Note that the terms g, 1 /41,2 are obtained through the same number of steps

with the same LRF as the forecast value fl(vler_l, and their initial datais taken
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from the same reconstructed series. Since forecasting requires the assumption
that the series structure is kept in the future, the obtained empirical c.d.f. of the
multistart M -step residual series can be used to construct the empirical confidence
interval for fyiar—1.

More formally, let usfix aconfidencelevel v (0 < v < 1),and set o« = 1—7.
Ifc,,, and c: , stand for the lower and upper «/2-quantiles, calculated through
the empirical c.d.f. of the multistart M -step residual series, then we obtain the
empirical confidence interval

. 1
(fN+]V[ 11 Cq)0 -E(V-)',-M—l + CZ/Z) ;

which covers fnar—1 with an approximate confidence level ~. Evidently, the
number K hasto be sufficiently large for the empirical c.d.f. to be stable.

If the multistart M-step residual series can be regarded as white noise, then
the other variant of empirical confidence intervals is meaningful. Assuming the
Gaussian white noise hypothesis, the standard symmetrical confidence bounds of
fn+ar—1 can be constructed with the help of the sample average and the sam-
ple variance of the multistart M -step residual series. Of course, the white noise
hypothesis can be checked with the help of the standard statistical procedures.

2.4.2 Bootstrap confidence bounds for the forecast of a signal

Let us consider amethod of constructing confidence bounds for the signal F(1) at
the moment of time NV + M — 1. In the unrealistic situation, when we know both
the signal #(1) and the true model of the noise F{*”, the Monte Carlo s mulation
can be applied to check the statistical properties of the forecast value £\ Ny M1
relative to the actua term fj(\,ler_l :

Indeed, assuming that the ruI&s for the eigentri pIe selection are fixed, we can

simulate S independent copies FN of the process F ) and apply the forecasting

procedureto S independent time series Fiy ; def Fy ) +F](V27 ;- Thentheforecasting

results will form a sample fNJerM (1 <4 < S), which should be compared
against fl(\fl-)ﬁ-M—l' In this way the Monte Carlo confidence boundsr the forecast
can be build up.

Since in practice we do not know the signal rY, we cannot apply this pro-
cedure. Let us describe the bootstrap (for example, Efron and Tibshirani, 1986,
Section 5) variant of the simulation for constructing the confidence bounds for the
forecast.

Under a suitable choice of the window length L and the corr&eponding eigen-
triples, we have the representation Fy = F(l) + F(2) where F (the recon-
structed series) approximates F(l), and F(2 is the readual series. Suppose how
that we have a (stochastic) model of theresiduas F (For instance, we can pos-
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tulate some mode! for F](VQ) and, since 15](\,1) ~ FJ(VI), apply the same model for
F(? with the estimated parameters))

Then, simulating S mdependent copies FJ(V of the series F](\,>, we obtain S

series Fiy ; ef F(l) + F and produce S forecasting results f}vlJ)rM 1; inthe

same manner asin the Monte Carlo simulation variant.

More precisely, any time series F'y; produces its own reconstructed series F(l)
and itsown forecasting linear recurrent formulaLRF; for the same window Iength
L and the same set of the eigentriples. Starting at thelast L — 1 terms of the series
ﬁl(vl)l we perform M steps of forecasting with the help of its LRF; to obtain

1)
J?J(\H-M 1,

As soon as the sample f](\,llM_lji (1 <i < S) of the forecasting resultsis ob-
tained, we can calculate its (empirical) lower and upper quantiles of a fixed level
~ and obtain the corresponding confidence interval for the forecast. This interval
(cal led the bootstrap confidence interyatan be compared with the forecast value
f N1 obtained from the initial forecasting procedure. A discrepancy between
this value and the obtained confidence interval can be caused by the inaccuracy
of the stochastic model for

The average of the bootstrap forecast sample (bootstrap average forecgsts-
timates the mean value of the forecast, while the mean square deviation of the
sample shows the accuracy of the estimate.

The simplest mode! for ﬁ](\?) is the model of Gaussian white noise. The cor-
responding hypothesis can be checked with the help of the standard tests for ran-
domness and normality.

2.4.3 Confidence intervals: comparison of forecasting variants

The aim of this section isto compare different SSA forecasting procedures using
several artificial series and Monte Carlo confidence intervals.

Let Fy = F\") + F?, where F{?) is Gaussian white noise with standard
deviation 0. Assume also that the signal F ) admits a recurrent continuation. We
can and shall perform a forecast of the series FJ(V) for M steps using different
variants of SSA forecasting and appropriate eigentriples associated with FJ(Vl)

If the signal F](Vl) and its recurrent continuation are known, then we can apply
the Monte Carlo procedure described in the previous section to check the accuracy
of the forecasting results and compare different ways of forecasting.

To do that, we simulate a large number of independent copies FJ(Vz)L of F](VQ),
produce the time series Fiy; = F(1> + F](\,2 and forecast their signal component

FI(\}) using the eigentripl es of the same ordinal numbers asthat for theinitial series
F. Evidently this procedure is meaningful only if the choice of the eigentriples

is stable enough for different realizations of the white noise FJ(\,2 ),
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Monte Carlo forecast of the signa FJ(Vl) is useful in at least two respects: its
average (called the Monte Carlo average forecgsshows the bias produced by the
corresponding forecasting procedure, while the upper and lower quantilesindicate
the role of the random component in the forecasting error.

Several effectswill beillustrated with the help of thistechnique. First, we shall
compare some forecasting variants from the viewpoint of their accuracy. The sec-
ond matter to be demonstrated isthe role of the proper window length. Lastly, we
compare different variants of the confidence intervalsin forecasting.

Throughout all the examples, we use the following notation: N stands for the
length of the initial series, M is the number of forecasting steps, and o denotes
the standard deviation of the Gaussian white noise F](VQ) . The confidence intervals
are obtained in terms of the 2.5% upper and lower quantiles of the corresponding
empirical c.d.f. using the sample size .S = 1000.

(a) Periodic signal: recurrent and vector forecasting

Let N = 100, M = 100, o0 = 0.5. Let us consider a periodic signal FI(V” of the
form

fIV = sin(27n/17) + 0.5sin(27n,/10).
The series F](Vl) has difference dimension 4, and we use four leading eigentriples

for its forecasting under the choice L = 50. Theinitial series Fiy = F](Vl) + FJ(VQ)
and the signal F{{") (the thick line) are depicted in Fig. 2.3.
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Figure 2.3 Periodic signal and the initial series.

Let usapply the Monte Carlo simulation for the Basic SSA recurrent and vector
forecasting algorithms.
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Fig. 2.4 shows the confidence Monte Carlo intervals for both methods and
the true continuation of the signal F](Vl) (thick line). Confidence intervals for R-
forecasting are marked by dots, while thin solid lines correspond to vector fore-
casting. We can see that these intervals practically coincide for relatively small
numbers of forecasting steps, while the vector method has an advantage in the
long-term forecasting.
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Figure 2.4 Periodic signal: confidence intervals for the recurrent and vector forecasts.
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Figure 2.5 Periodic signal: Basic Monte Carlo average R-forecast.

The bias in the Basic SSA R-forecast is demonstrated in Fig. 2.5, where the

thick line depicts the true continuation of the series F](Vl) and the thin line corre-
sponds to the average of the Monte Carlo average R-forecast. We see that the bias
is sufficiently small.
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Note that the bias in the vector method almost coincides with that in the recur-
rent one. Therefore, the advantage of vector forecasting can be expressed mainly
in terms of its stahility rather than in the bias. The bias in both methods is caused
by the nonlinear structure of the forecasting procedures.

(b) Periodicsignal: Basicand Toeplitzrecurrentforecasting

The same series with the same forecasting parameters serves as an example for
comparing the Basic and Toeplitz R-forecasting methods. As usual, we apply the
centring variant of the Toeplitz forecasting agorithm, though the results of the
comparison do not depend on this choice.

N
LU

101 110
Figure 2.6 Periodicsignal: ToeplitzMonteCarlo averageR-forecast.
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Fig. 2.6 is analogous to Fig. 2.5 and shows the bias in Toeplitz R-forecasting.
In comparison with the Basic R-forecast, we see that the bias is rather large. The
explanation lies in the fact that in contrast to Basic SSA, the four leading eigen-
triples in the Toeplitz SSA decomposition of the signal FI(VU do not describe the
entire signal; their share is approximately 99.8%. From the formal viewpoint, the
Toeplitz decomposition of the trgjectory matrix is not the minimal one (see Sec-
tions4.2.1 and 1.7.2).

Indeed, if we consider the signal FI(V” as the initial series and produce its
Toeplitz forecast with .. = 50 and 4 leading eigentriples, then the result will
be very close to the Monte Carlo average forecast, presented in Fig. 2.6 (thin line,
the thick line depicts the continuation of the series F](Vl)).

The situation with the confidence intervals is different, see Fig. 2.7. The Monte
Carlo confidence intervals for the Toeplitz forecast (depicted by thick lines) are
typically inside that for the Basic forecast (thin lines). Thisisnot surprising since
the Toeplitz SSA gives more stable harmonic-like eigenvectorsfor stationary time
series.
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Figure 2.7 Periodic signal: confidence intervals for the Basic and Toeplitz R-forecasts.

Note that the confidence intervals for the Basic and Toeplitz forecasting algo-
rithms are shifted relative to each other due to alarge bias in the Toeplitz method.
We conclude that Toeplitz forecasting proves to be less precise (on average), but
more stable.

(c) Separability and forecasting
Consider the series F](\,l) with
Y = 3a™ +sin(27n/10), a = 1.01,
and N = 100. This seriesis governed by an LRF of dimension 3.
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Figure 2.8 Separability and forecasting: the signal and the initial series.
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Taking o = 1 and two window lengths L. = 15 and L = 50, we consider Basic
SSA R-forecasting of the series Fiy = F](Vl) + F](VQ) for 90 steps. Our aim is to
compare the accuracy of these two variants of forecasting of the signal FJ(VI) with
the help of the Monte Carlo simulation. The first three eigentriples are chosen for

the reconstruction in both variants. The series Fy and the signal F](\,l) (thick line)
are depicted in Fig. 2.8.
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Figure 2.9 Separabilityandforecasting:two confidencéntervals.
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Figure 2.10 Separabilityandforecasting:comparisorof biases.

The influence of separability on forecasting in the absence of noise has aready
been discussed (see Example 2.2 in Section 2.2). We now explain this influence
in statistical terms of bias and confidence intervals.
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Fig. 2.9 showsthat the Monte Carlo forecasting confidenceintervalsfor L = 15
(thin line marked with dots) are much wider than that for L = 50. Thisis not
surprising since the separability characteristics for L = 15 are: pgg’) = 0.0083
and p(-K) = 0.26, whilefor L = 50 we have p{%) = 0.0016 and p(“-5) = 0.08.

Note that both confidence intervals are aimost symmetric with respect to the
true continuation of the signal (the thick linein Fig. 2.9). This means that in this
example the choice of the window length does not have a big influence on the
bias of the forecasts. Yet if we consider the last forecast points (Fig. 2.10), we
can see that the choice L = 50 is again better. Indeed, the Monte Carlo average
forecast for L = 15 (thin line, marked with dots) has a small but apparent phase
shift relative to the true continuation (thick line), while for the choice L = 50
(thin line) thereis almost no phase shift.

(d) Confidencentervalsof differentkinds

According to the discussion at the beginning of this section, we can construct
threekinds of confidenceinterval for forecasting (see Section 2.4 for their detailed
description).

First, as we know the true form of both the signal FJ(\,” and the noise F](\,2), we
can build the Monte Carlo confidence intervals, which can be considered to be the
true confidence intervals for the signal forecast.

Second, we can apply the bootstrap simulation for the same purpose. Here we
use the same Gaussian white noise assumption but calculate its variance in terms
of the residuals of the reconstruction.

Third, the empirical confidence bounds for the forecast of the entire series
Fy = F{") + F?) can bebuilt as well.

The last two methods are more important in practice since neither F](Vl) nor

F](VQ) is usually known. Our aim is to compare three kinds of confidence bounds
by asimple example.

Consider the exponential seriesF](Vl) with f,(f) =3a",a=1.01land N = 190.
As above, we assume that FJ(VQ) is arealization of the Gaussian white noise and
take o = 1. Since we want to deal with the empirical confidence intervals, we
truncate the series at n = 160 and use the truncated series as the initia one. A
comparison of the confidence intervals is performed for 30 Basic SSA R-fore-
casting stepswith L = 50. Since FJ(\,” is governed by an LRF of dimension 1, we
take one leading eigentriple for reconstruction and forecasting in all cases.

The series Fiy (thin oscillating line) is depicted in Fig. 2.11 together with its
reconstruction, the Basic SSA R-forecast (thick lines) and the corresponding em-
pirica intervals. The vertical line corresponds to the truncation point.

Figs. 2.12-2.14 show three variants of the confidence intervals on the back-
ground of the series Fly. Fig 2.12 represents the empirical intervals around the
forecast of the signal F](Vl) (thick line). Since the empirical intervals are built for
the entire series Fy, it is not surprising that they cover the series values. Note
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Figure2.11 Exponentiakignal: theinitial seriesandforecast.

that the length of the empirical confidence intervalsis amost constant due to the
homogeneity of the residuals used for their construction (see Section 2.4).

12.0
161 165 169 173 177 181 185 189

Figure2.12 Exponentiakignal: empirical confidencentervals.

The bootstrap confidence intervals are shown in Fig. 2.13, where the thick line
corresponds to the exponential signal F](\,l). The intervals are shifted relative to
the signal (and they are symmetric relative to its forecast) because the bootstrap
simulation uses the reconstructed series, which differs from the signal itself. Note
that the empirical confidence intervalsin Fig. 2.12 are also shifted relative to the

signal FJ(VI).
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Figure 2.13 Exponential signal: bootstrap confidence intervals.

Lastly, the Monte Carlo confidence intervals are depicted in Fig. 2.14 together

with the signal F](Vl) (thick line). In this case the intervals appear to be symmetric
around the signal.
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Figure 2.14 Exponential signal: Monte Carlo confidence intervals.

Comparing theintervals, we can seethat the lengths of the bootstrap and Monte
Carlo intervals are very similar and are smaller than those of the empirical inter-
vals. The latter is natural since the first two bound the signal and the third one
bounds the entire series.

One more difference is that the intervals obtained by simulation are enlarging
in time, while the empirical ones are rather stable. Thus, we can use the empirical
confidence intervals only for relatively short-term forecasting.
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2.5 Summary and recommendations

Let us summarize the material of the previous sections, taking as an example
the Basic SSA R-forecasting method. Other versions of SSA forecasting can be
described and commented on similarly.
1. Statement of the problem
We have a series Fy = FJ(V1 )+ F](vz) and have the problem of forecasting its
component FZ(VD. If F](VQ) can be regarded as noise, then the problem is that of
forecasting the signal Fj(vl) in the presence of a noise FI(VZ) .
2. The main assumptions

e Theseries F](Vl) admits a recurrent continuation with the help of an LRF of
relatively small dimension d.

e There exists a number L such that the series F](Vl) and F](Vz) are approxi-
mately strongly separable for the window length L. This is an important
assumption since any time series F](Vl) is an additive component of Fiy in
thesensethat Fiy = FI(VI) +F](v2) with F](VQ) = Fy —F](Vl) . The assumption of
(approximate) separability means that FJ(Vl) isanatural additive component
of ' from the viewpoint of the SSA method.

3. Proper choice of parameters
Since we have to select the window length L providing a sufficient quality of
separability and to find the eigentriples corresponding to F(l), all the major
rules of Basic SSA are applicable here. Note that in this case we must separate
FI(VU from FJ(VQ), but we do not need the decomposition of the entire series
Fy=Fy +F{.

4. Specifics and dangers
The SSA forecasting problem has some specificsin comparison with the Basic
SSA reconstruction problem:

e Since the chosen window length L produces an LRF of dimension L — 1,
which is applied as a recurrent continuation formula, the problem of extra-
neous rootsfor its characteristic polynomial becomesimportant. The choice
L = d + 1 with d standing for the dimension of the minimal LRF, must be
optimal. Unfortunately, in practice, small values of L do not usually pro-
vide sufficient separability. As aresult, one has to try to select the minimal
window length that is greater than d and provides reasonable separability.

e The linear space £, of dimension » determining the forecasting LRF is
spanned by the eigenvectors of the chosen eigentriples. Since the condition
r > d hasto befulfilled, the number of eigentriples selected as correspond-
ing to F](Vl) hasto be at least d.

e In Basic SSA, if we enlarge the set of proper eigentriples by some extra
eigentripleswith small singular values, then the result of reconstruction will
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essentially be the same. When dealing with forecasting, such an operation
can produce large perturbations since the space £, will be perturbed a lot;
itsdimension will be enlarged, and therefore the L RF governing the forecast
will be modified. (Notethat the magnitude of the extrasingular valuesis not
important in this case.) Hence, the eigentriples describing Fj(vl) have to be
determined very carefully.

5. Characteristicoof forecasting
Let us mention several characteristicsthat might be helpful in judging the fore-
casting quality.

e Separabilitycharacteristics All the separability characteristics considered
in detail in Section 1.5 are of importance for forecasting.

e Polynomialroots. The roots of the characteristic polynomial of the forecast-
ing LRF can give insight into the behaviour of the forecast. These polyno-
mial roots can be useful in answering the following two questions:

() We expect that the forecast has some particular form (for example, we
expect it to be increasing). Do the polynomial roots describe such a pos-
sibility? For instance, an exponential growth has to be indicated by a
single real root (slightly) greater than 1; if we try to forecast the annual
seasonality, then pairs of complex roots with frequencies ~ /12 have
to exist, and so on.

(b) Isit possible to obtain a hazard inconsistent forecast? In terms of the
polynomial roots, each extraneous root increases such a possibility. Even
so, if the modulus of the root is essentially less than 1, then a dlight per-
turbation of the proper initial data should not produce large long-term
errors. Since the polynomial roots with moduli greater than 1 correspond
to the series components with increasing envelopes (see Section 2.2.1),
large extraneous roots may cause problems even in short-term forecast-
ing.

¢ Verticality coefficientThe verticality coefficient 12 isthe squared cosine of
the angle between the space £, and the vector e;,. The condition 12 < 1
is necessary for forecasting. If v2 is close to 1, then, in view of (2.1), the
coefficients of the forecasting LRF will be large and therefore some roots
of the characteristic polynomial will have large moduli too. If the expected
behaviour of the forecast does not suggest a rapid increase or decrease,
then alarge value of the verticality coefficient indicates a possible difficulty
with the forecast. This typically means that extra eigentriples are taken to
describe F](Vl) (alternatively, the approach in general is inappropriate).

6. The role of the initial data
Apart from the number M of forecast steps, the formal parameters of the Ba-
sic SSA R-forecasting algorithm are the window length L and the set I of

eigentriples describing F](Vl) . These parameters determine both the forecasting
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LRF (2.1) and the initial data for the forecast. Evidently, the forecasting re-
sult essentially depends on this data, especially when the forecasting LRF has
extraneous roots.

The SSA R-forecasting method uses the last terms f](vl)_LH, e ~](\,1)_1 of the
reconstructed series }?](Vl) astheinitia forecasting data. Due to the properties of

diagonal averaging, the last (and the first) terms of the series F](Vl) are usualy
reconstructed with a poorer precision than the middle ones. This effect may
cause essential forecast errors.

For example, any linear (and nonconstant) series f,, = an + b is governed by
the minimal LRF f,, = 2f,_1 — f._2, which does not depend on « and b.
The parameters a and b used in the forecast are completely determined by the
initial data fy and f,. Evidently, errorsin this data may essentially modify the
behaviour of the forecast (for example, change a tendency to increase into a
tendency to decrease).

Thus, it is important to check the last points of the reconstructed series (for
example, to compare them with the expected future behaviour of the series
F{).
7. ReconstructederiesandLRFs

In the situation of strong separability of F](Vl) and FI(VQ) and proper eigentriple
selection, the reconstructed series is governed by the LRF which completely
corresponds to the series FJ(VI). Discrepancies in such a correspondence indi-
cate possible errors: insufficient separability (which can be caused by the bad
quality of the forecasting parameters) or general inefficiency of the model. Two
characteristics of the correspondence may be useful here.

¢ GlobaldiscrepanciesRather than using an L RF for forecasting, we can use
it for approximation of either the whole reconstructed series or its subseries.
For instance, if we take the first terms of the reconstructed series as the
initial data (instead of the last ones) and make N — L + 1 steps of the
procedure, we can check whether the reconstructed series can be globally
approximated with the help of the LRF.

Evidently, we can use another part of the reconstructed series as the initial
data while taking into consideration the poor quality of its first terms or
possible heterogeneity of the dynamics of the series FI(VU .

e Local discrepanciesThe procedure above corresponds to long-term fore-
casting. To check the short-term correspondence of the reconstructed series
and the forecasting L RF, one can apply a dlightly different method.

This method is used in Section 2.4.1 to construct empirical confidence in-
tervals and is called the multistart recurrent continuation. According to it,
for a relatively small @ we perform @ steps of the multistart recurrent
continuation procedure, modifying the initial data from (}}5”, ce ?ﬂl)

to (f](;)_Q, . .,f}vl)_Q), K = N — L + 1. The continuation is computed
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with the help of the forecasting LRF. The results are to be compared with

7 (1)
T e INL

Since both the LRF and the initial data have errors, the local discrepancies
for small @@ are usually more informative than the global ones. Moreover,
by checking different ) we can estimate the maximal number M of steps
for areasonable forecast.

8. Forecasting stability and reliability
Whilethe correctness of the forecast cannot be checked viatheintrinsic proper-
ties of the data, itsreliability can be examined. L et us mention several methods
for carrying out such an examination.

¢ Different algorithmsWe can try different forecasting algorithms (for ex-
ample, recurrent and vector) with the same parameters. If their results ap-
proximately coincide, we have an argument in favour of the stability of
forecasting.

o Different initial data. Since the last terms of the reconstructed series can
have significant errors, forecasting can start at one of the previous points.
Then we would have several forecasts and, of course, can compare them
and get an opinion about the forecasting stability.

¢ Different window lengthdf the separability characteristics are stable under
asmall variation in the window length L, we can compare the forecasts for
different L.

e Forecasting of truncated serieket us truncate the initial series Fiy by re-
moving the last few terms from it. If the separability conditions are stable
under such an operation, then we can forecast the truncated terms and com-
pare the result with the initia series Fy and the reconstructed series 151(\,”
obtained without truncation. If the forecast is regarded as adequate, then its
continuation by the same LRF can be regarded as reliable. Of course, this
forecast can be compared with the one obtained without truncation, and, if
they are similar, we can approve the forecasting stability.

9. Confidence intervals
Though both empirical and bootstrap variants of the confidence intervals are
not absolute, they give important additional information about forecasting. L et
us summarize their features and peculiarities.

e General assumptionhe model of theinitia seriesis Fiy = FI(V” + F(Q),

where FJ(VI) isasignal and FJ(VQ) isassumed to be ‘noise'. TheseriesF](\,l) is
supposed to admit arecurrent continuation, and the problem of its forecast-
ing is under solution.

e Goals.The empirical confidence intervals are constructed for the entire se-
ries Fiy, which is assumed to have the same structure in the future. Boot-
strap confidence intervals are built for the continuation of the signal FJ(V” :
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¢ DatasourcesandadditionalassumptionsThe data source for construction
of the bootstrap confidence intervals is the residual series F](\,Q) = Fn—

F{, where " isthe reconstructed series. It is assumed that the statistical
model for theresidual seriesisbeing built and the corresponding parameters

have been estimated through the data 7.

The data used to construct the empirical confidence intervals has the form
of theresidual series aswell, but now we have the multistart residual series
defined in Section 2.4.1.

Note that in order to build the empirical confidence interval for the forecast
a time N + @, we use the multistart (Q-step residual series as the sample
and calculate the corresponding intervals through its c.d.f., which is shifted
by the value f](\,lJ)rQ_l of the forecast.

For fixed @, the multistart Q-step residual seriesconsistsof N — L — Q + 2
terms. It is assumed that the corresponding empirical distribution is stable
if V would increase and therefore this distribution can be used up to time
N+ Q.

Evidently, the method is meaningful only if N — L — @ + 2 issufficiently
large (say, if it exceeds several dozen).

e Checking the assumptionBhe simplest situation when the assumptions for
both variants of the confidence intervalsare valid is when the corresponding
residual series are Gaussian white noises. This hypothesis can be checked
by standard statistical methods.

Nevertheless, confidence bounds make sense even if such a hypothesis is
formally rejected. Then, at any rate, we would have a scale for the preci-
sion of the forecast and can compare different forecasting methods from the
viewpoint of their stability.

e Bootstrap average forecadbealing with the bootstrap simulation, we can
obtain additional information concerning forecasting. For instance, having
obtained the forecast for the series Fy; (1 < i < S), we can take the
average of the corresponding (random) forecasts and obtain the bootstrap
average forecastf the series F](Vl). Therefore, we can use one more fore-
casting variant, which can be compared to other variants of forecasts.

2.6 Examplesand effects
2.6.1 ‘Wages': Forecast of the exponential tendency

The series ‘“Wages' (annual wages, U.S., from 1900 to 1970, Hipel and McLeod,
1994) demonstrates a tendency that can be approximately considered as an expo-
nential one. Therefore, it is natural to use a one-dimensional linear space £, for
its forecasting. Here we compare several ways of perfoming such a forecast for
the period from 1971 to 1980.
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Let ustruncate the series at 1959 and forecast this truncated series up to 1980,
that isfor 21 years. The truncated series has length N = 60 and under the selec-
tion of the window length L = 30 we take the leading eigenvector U; asthe basis
of £1. The w-correlation of the reconstructed series and the residualsis 0.025.
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Figure 2.15 Wages: truncation and forecast.

Figure 2.16 Wages: polynomial roots.

The result of the Basic SSA recurrent forecasting procedure is shown in Fig.
2.15. Here the thick line corresponds to the *Wages' series, the vertical line shows
the point of truncation, the thin line depicts the reconstructed series and the thin
line with dotsis the result of forecasting.

Since the first 11 forecasted values are close to real wages for the period from
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1960 to 1970, it is natural to suppose that the subsequent 10 values of forecast
would describe the future with good precision.

The linear recurrent formula applied in this forecasting has order d = 29. The
roots of the corresponding characteristic polynomial are depicted in the complex-
plane representation in Fig. 2.16.

L et us compare the result of the Basic SSA recurrent forecasting a gorithm with
the results of its various modifications.

Firstly, we apply the reduction method, described in Section 2.3.4, for finding
the minimal recurrent forecasting formula. Evidently, the dimension of such afor-
mula ought to be 1. Fig. 2.16 shows that the characteristic polynomial has single
real root A\; ~ 1.0474, while all the other roots are complex ones with moduli
significantly smaller than 1. If we would decide to have a purely exponential fore-
cast, we can keep the root \; and remove all the others since they are extraneous.
Then the new (minimal) LRF will havetheform f,, = af,_1, a = \1.

Secondly, since we have obtained the one-dimensional space £, the nearest-
subspace method (Section 2.3.4) for finding the minimal forecasting recurrent
formula can be applied as well. For both minimal formulae the initial data for
forecasting consists of the last term of the reconstructed series.

Table 2.1 Wagesforecastingresults.
Method Start Time Forecast 1980  Accuracy

1960 12849 0.021

recurrent 1967 13099 0.028
1971 12958 —

1960 13091 0.023

MinLRF(1) 1967 13074 0.027
1971 12916 —

1960 12074 0.018

MinLRF(2) 1967 13188 0.029
1971 13015 -

1960 12339 0.017

vector 1967 12694 0.015
1971 12676 -

Lastly, we use the vector variant of Basic SSA forecasting (Section 2.3.1).
Thus, we have four Basic SSA forecasting modifications. Moreover, for each
modification we take three variants of the initial forecast point: 1960 (then we
take L = 30), 1967 (L = 33) and 1971 (L = 36). The leading eigenvector serves
asabasisof £; inall cases. For comparison, we perform forecasting up to 1980.
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The forecasting results are gathered in Tables 2.1 and 2.2. The abbreviations
‘recurrent’ and ‘vector’ denote the recurrent and vector Basic SSA forecasting
methods, respectively. Two other forecasting variants use minimal (one-dimen-
sional) LRFs, achieved by the reduction of the extraneous polynomial roots. the
first, ‘MinLRF(1), is obtained by the reduction of the LRF (2.1) of the Basic
SSA forecasting procedure, and the second, ‘MinLRF(2),” uses the main root of
the polynomial defined by the nearest-subspace LRF (2.24).

Table 2.1 shows the forecasting results at 1980 and their accuracy relative to
the ‘“Wages' data. The column ‘Accuracy’ contains the results of comparison of
the forecastswith the initial series: if we consider the forecast results and ‘ Wages
data under comparison as vectors, then the accuracy is calculated as the distance
between these vectors divided by the norm of the ‘“Wages' vector. Evidently, the
comparison can be performed for 1960-1971 and 1967-1971, depending on the
initial forecasting point.

Table 2.2 Wages: coefficients of the minimal LRFs.

Method Start Time Coefficient

1960 1.0474
MIinLRF(1) 1967 1.0473
1971 1.0470
1960 1.0434
MIinLRF(2) 1967 1.0479
1971 1.0478

Table 2.2 showsthe (single) parameter o of the minimal recurrent formula f,, =
af,—1 for different starting times and two methods.

Let us briefly discuss the forecasting results. Table 2.1 shows that the Basic
SSA recurrent forecasting algorithm (as well as its reduction modifications) gives
similar results for all starting times. Moreover, the accuracy is similar too. This
confirms the validity of the choice » = 1 for the space £,. and demonstrates the
stability of forecasting.

The vector forecasting procedure gives more conservative results. Since the
accuracy of vector forecasting is slightly better, the conservative forecast ought to
be taken into consideration as well.

The nearest-subspace method seems to be less stable with respect to variation
of the initial forecast point, though the forecasting results of the forecasts from
1967 and 1971 correspond to that of the Basic SSA recurrent algorithm.

Table 2.2 explains this effect. The minimal recurrent formula calculated viathe
reduction of the polynomial rootsisamost the same for all initial forecast points,
while the coefficient of the minimal LRF produced by the nearest subspace is far
less stable.
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2.6.2 '‘Eggs’: Minimal LRF

The series ‘Eggs  (monthly, from January 1938 to December 1940, see Sec-
tion 1.3.3 for a detailed description) has an evident structure: it can be described
as a sum of a slowly decreasing almost constant trend which can be approxi-
mated by an exponential sequence, an annual seasonal component, and a small
noise. Therefore, we can expressthe ‘Eggs series Fiy as Fiy = FJ(V” + F](Vz) with
N = 36,
5
Y =coal + Z cr cos(2mnk /12 4 ¢y) + cg cos(mn), (2.25)
k=1

ap < 1, and a noise series FI(\,Q). If we would prefer, we can change each pure
harmonic component cos(2mnk /12+ ¢y of (2.25) for the exponential-modul ated
harmonic a} cos(2mnk/12 + ¢5) witha, = 1 (k =1,...,6).

At any rate, if ¢, # 0for k = 0,...,6, the series F](Vl) is governed by an
LRF of dimension 12, and, therefore, the minimal window length for proper fore-
casting is equal to L = 13. In view of the general concepts of Section 1.5, this
window length can be expected to provide good separability of F](Vl) and F](VQ) and,
consequently, a reasonable forecast.

Fig. 2.17 depicts two variants of such forecasts up to January 1942. (They are
represented by the thin lines, with the thick one corresponding to theinitial ‘ Eggs
series.) Both forecasts are performed with the help of the Basic SSA R-forecasting
procedure, with L = 13 and the eigentriples 1-12, but have different initial fore-
cast points.

17.5

16.1

14.6

13.2

7.4

5.9
Jan 38 Jan 39 Jan 40 Jan 41 Jan 42

Figure 2.17 Eggs: forecast by the minimal LRF.

The first starts at January 1941 and produces 13 steps. The second is based on
the first 25 points of the series only. It starts at February 1940 and performs 25
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steps. Therefore, we deal with two LRFs of the (minimal) dimension 12 and two
initial data sets.

Fig. 2.17 showsthat the results of both forecasts during the period from January
1941 to January 1942 are very similar, though thefirst of them givesdightly larger
values due to a small phase shift.

Therefore, for the ‘Eggs’ series, the minimal LRF produces stable and reason-
ableresults.

2.6.3 ‘Precipitation’: Toeplitzforecasting

The series ‘Precipitation’ (in mm monthly, Eastport, U.S., from January 1896 to
December 1950, Hipel and McLeod, 1994) has a slowly decreasing trend and
an oscillatory component with a complex structure (Fig. 2.19, thin oscillating
line). Its periodogram, which is depicted in Fig. 2.18 in the frequency scale with
marked periods, shows that in addition to the usual annual harmonics and other
high-frequency components, there are two periodogram peaks corresponding to
approximately 62-months and 104-months periodicities.
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Figure 2.18 Precipitation:mainperiodogrampeaksandtheassociategeriods.

As was mentioned in Sections 1.7.2 and 2.3.2, for such data the Toeplitz SSA
with centring can give better results than Basic SSA.

Let us truncate the series ‘Precipitation’ at December 1947 and perform the
forecast of its trend for 84 steps (that is from January 1948 to December 1962),
taking L = 312 for the Toeplitz SSA R-forecasting variant with centring (Sec-
tion 2.3.3). To reconstruct the trend, we take the average triple and the third
Toeplitz eigentriple.

Fig. 2.19 shows the results of forecasting as well as the empirical confidence
intervals corresponding to the 2.5% upper and lower quantiles and relating to
the entire series * Precipitation’. The trend of the truncated series (as well asits
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Figure 2.19 Precipitation: trend forecast

forecast) is represented by the thick line. The thick vertical line corresponds to
the truncation point. Evidently, an aimost linear behaviour of the reconstructed
trend is continued into the future.

If we want to forecast not only the general tendency of the series, but also its
low-frequency (5 and 8-9 years) oscillation components, we select the average
triple and the eigentriples 3, 6-7, 10-11 for the reconstruction. (The two leading
eigentriples correspond to the annual periodicity.) The resulting reconstruction
and forecast can be found at Fig. 2.20.
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Figure 2.20 Precipitation: low-frequency oscillations.

Note that for both forecasting variants, the empirical confidence intervals are
not symmetric with respect to the forecast values. The reason lies in the asym-
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metric behaviour of theinitial series: large precipitation valueslook like ‘outliers
on the background of the average series behaviour. Moreover, the hazard-like ap-
pearance of these ‘outliers’ produce abrupt changes in the upper confidence line.
If we were to take 80% confidence intervals instead of 95% ones, these irregular-
itieswould be removed.

Comparison of the confidence intervals for the forecasting variants of Fig. 2.19
and Fig. 2.20 shows that the latter ones are dightly narrower. It is interesting
that the Basic SSA R-forecasting produces very similar forecast values (and con-
fidence intervals as well) for the trend and can hardly make a forecast of the
low-frequency components.

2.6.4 ‘Fortified wine’: Vectorandrecurrentforecasting

The series‘ Fortified wine' (fortified wine sales, Australia, monthly, from January
1980 till June 1994) has the same origin as the ‘Rosé wine' series, discussed in
Example 1.1 of the Section 1.4.1. Therefore, it is not surprising that these two
series have basically the same structure: in addition to asmooth trend, there exists
an annual seasonality of a complex form, and a noise. The main difference is
in the proportion of the amplitudes for different components in the 12-months
periodicity.
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Figure 2.21 Fortified wine: truncated series and its reconstruction.

We use this data to illustrate the difference between the recurrent and vector
SSA procedures for long-term forecasting. We truncate the series at December
1989 and perform forecasting from January 1990 to December 1994, that is for
60 steps.

Taking the window length L = 60, we select the eigentriples 1-7, which corre-
spond to the trend and the main annual harmonics: the 12-months, 6-months and
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4-months ones. The truncated series (thick line) and its reconstruction (thin solid
line) can be seenin Fig. 2.21.
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Figure 2.22 Fortified wine vector forecasting: bootstrap confidence intervals.

We can see that the approximation is rather good, despite the fact that we did
not include high-frequency seasonal harmonicsin the reconstruction. Thiskind of
decision might be reasonable if we areinterested only in the main seasonal effects.
Note, however, that the residual series of such a reconstruction can hardly be re-
garded as a Gaussian white noise: it contains obvious high-frequency harmonics.
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Figure 2.23 Fortified wine vector forecasting: bootstrap average forecast.

Nevertheless, while performing forecasting we will apply the Gaussian white
noise model for construction of the bootstrap confidence intervals and the boot-
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strap average forecast. These intervals are not absolute, but still not meaningless.
Additional reasons for applying the Gaussian white noise model is that the resid-
ual series does not have avisible trend and its empirical c.d.f. iscloseto the c.d.f.
of the normal distribution.

The results of Basic SSA vector forecasting and the bootstrap simulation are
depicted in Figs. 2.22-2.24.

The first figure demonstrates a good correspondence between the 95% boot-
strap confidenceintervalsfor the forecast and the 54 last points of theinitial series
(thick line). The next two figures compare the ‘ Fortified wine' series with its vec-
tor forecast and the bootstrap average forecast. (Thelatter depends not only on the
data, but on the model for the residuals as well.) If the forecasting parameters are
well chosen and the model is reasonable, then all three curves ought to be similar.

Figs. 2.23 and 2.24 demonstrate this similarity. Both figures represent the ave-
rage of S = 1000 bootstrap forecasts (thin lines). The thick lines correspond to
the ‘Fortified wine' series (Fig. 2.23) and its vector forecast (Fig. 2.24).

If we apply recurrent forecasting for the same series in the same conditions,
then the results of long term forecasting will be much worse. We illustrate these
results with figures of the same kind as the previous ones.

Fig. 2.25 shows that the bootstrap confidence intervals for recurrent forecast-
ing become rapidly increasing and almost meaningless for the last third of the
forecasting period. Note that for the first year of the forecast, these intervals are
similar to that of vector forecasting, athough they are alittle wider.
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Figure 2.24 Fortified wine vectorforecasting:two forecasts.

The other pair of figures elucidates this phenomenon. Fig. 2.26 shows that the
bootstrap average forecast till corresponds to the ‘Fortified wine' series. This
correspondence, by the way, can be used as an argument that the Gaussian white
noise model for the reconstruction residuals is reasonable.
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Figure 2.25 Fortified winerecurrentforecasting:bootstrapconfidencéntervals.
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Figure 2.26 Fortified winerecurrentforecasting:bootstrapaverageforecast.

The discrepancies appear when we compare the recurrent forecast with the
bootstrap average one (Fig. 2.27). We see that the amplitude of oscillations of the
recurrent forecast (the thick line) increases, while the bootstrap average and the
initial ‘ Fortified wine' series have an approximately constant (or even decreasing)
amplitude of oscillations (the thin line in Fig. 2.27). The polynomial roots give
the explanation: there exists a pair of complex conjugate roots with moduli sig-
nificantly larger than 1 (they are equal to 1.018). They correspond to the 6-months
periodicity and the latter can be explicitly seen on the plot of the recurrent forecast
inFig. 2.27.
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Figure 2.27 Fortified winerecurrentforecasting:two forecasts.

Thus, vector forecasting gives reasonable long-term results, while the recurrent
one appears to be less stable. On the other hand, the bootstrap average forecast
can correct thisinstability.

2.6.5 ‘Gold price’: Confidencentervalsandforecaststability

Previous examples of time serieswere relatively smplefor SSA forecasting since
we had in mind enough preliminary information about their behaviour. Moreover,
thisinformation wasin correspondence with the SSA requirements. we were able
to give a reasonable prediction for the number of eigentriples that describe the
components under forecasting, as well as the form of the related eigenvectors.
Therefore, unpredictable forecasting effects were hardly possible there.

The series ‘Gold price’ (gold closing price, daily, 97 successive trading days,
Hipel and McLeod, 1994), depicted in Fig. 2.28 by the thin line, has a more com-
plex structure. The main difficulties appear if we pay attention to the last points of
the series. To perform the forecast, we ought to decide whether the abrupt decrease
of ‘Gold price’ can be regarded as a ‘random’ effect or as important information
for forecasting. Depending on this decision, we select different eigentriples for
the reconstruction (and the forecast).

Figs. 2.28 and 2.29 demonstrate the effect of such a decision on the reconstruc-
tion (thick lines). Using Basic SSA with L. = 48 we see that the 6th eigentripleis
responsible for the last points of the series.

Indeed, the fiveleading eigentriples describe the seriesin a proper way, with the
exception of its end (Fig. 2.28). On the other hand, the reconstruction via the six
leading eigentriples demonstrates (see Fig. 2.29, thick line) agood approximation
of the entire series.

Our aim is to study the recurrent forecasts performed by these variants of the
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Figure 2.28 Gold price: initial seriesandtheroughreconstruction.
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Figure 2.29 Gold price: initial seriesandan accuratereconstruction.

eigentriple selection with the help of the bootstrap confidence intervals under the
Gaussian white noise model for the residuals. Yet we start with the bootstrap
confidenceboundsfor reconstruction which are achieved in the same manner
and under the same assumptions as the forecasting ones. In the simulation we use
the sample size S = 1000 and construct the lower and upper 2.5% quantiles for
the confidence intervals.

Figs. 2.30 and 2.31 show the confidence intervals for the reconstruction per-
formed by the leading 5 (Fig. 2.30) and 6 (Fig. 2.31) eigentriples, respectively.

In both figures, three thick linesintersect the plot of the‘ Gold price’ series. The
middle ones are the averages of the bootstrap reconstructions (bootstrap average
reconstructio); they are quite similar to the reconstruction lines of Figs. 2.28 and
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Figure2.30 Gold price: confidencentervalsfor theroughreconstruction.
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Figure 2.31 Gold price: confidencentervalsfor the accuratereconstruction.

2.29. The other two pairs of thick lines depict the bootstrap confidence intervals.
Though the share of the 6th eigentriple is only 0.46%, the confidence intervals
of Fig. 2.31 are significantly less than that of Fig. 2.30. Since the initial data for
the forecasting LRF corresponds to the last series points, it is important that the
confidence intervals become wider towards both edges of the series.

Let us turn to the results of Basic SSA recurrent forecasting depicted in Figs.
2.32 and 2.33. Both figures have the same form; they describe the last 10 points
of the ‘Gold price’ series (thick lines) and 10 forecast points. Four lines intersect
the ‘Gold price’ plots. All of them have a similar sense for the first and last 10
points.
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Figure 2.32 Gold price: forecast based on the five leading eigentriples.

The thin lines, marked by dots, describe the reconstructed series (up to point
97) and the Basic recurrent forecasts (points 98-107). The other lines demonstrate
the results of the bootstrap simulation: the thin middle lines depict the bootstrap
average reconstruction (up to the time point 97) and the forecasts; two extreme
pairs of the thin solid lines indicate the corresponding confidence intervals.
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Figure 2.33 Gold price: forecast based on the six leading eigentriples.

Figs. 2.32 and 2.33 show that the choice of 5 or 6 leading eigentriples produce
very different forecasts.

The forecast of Fig. 2.32 seems to be rather stable since both forecast lines are
close to each other and the forecast confidence intervals are not much wider than
the reconstructed ones.
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In other words, the choice of 5 leading eigentriplesleadsto stable resultswhich,
however, do not take into account the atypical behaviour of the last ‘ Gold price’
points.

Fig. 2.33 demonstrates that attempts to take these points into account for fore-
casting fail: the confidence interval s become extremely wide and therefore mean-
ingless. Theforecast lines differ much. Thus, if weinclude the 6th eigentripleinto
thelist for forecasting, we come to great instability.

In terms of the bootstrap simulation, the 6th eigentriple is very unstable un-
der random perturbations of the residual series, while the first 5 eigentriples are
relatively stable.

The abrupt change of the forecasting behaviour caused by only oneweak eigen-
triple has its origin in the transformation of the linear space £, governing the
forecast (see Section 2.1). This transformation can hardly be expressed in terms
of the leading characteristic polynomial roots; indeed, the two roots with largest
moduli are similar in both cases — they both are real and approximately equal to
0.998. The other roots are significantly smaller.

Even so, we can indicate the characteristic that captures the transformation of
the linear space £,.. This characteristic is related to the verticality of the space.
Fig. 2.34 depicts the verticality function produced by the SVD of the tragectory
matrix of the series‘Gold price'.

1.00

0.88

Figure 2.34 Gold price: verticality function.

If weset £ = span (Uy,...,U;) with U; standing for the ith eigenvector of
the SVD, then the verticality function v(i) (1 < ¢ < L) is equal to the squared
cosine of the angle between £; and ey, = (0,...,1)T. The verticality coefficient
v? (see Section 2.1) can be easily calculated in terms of the verticality function.

The verticality function of Fig. 2.34 shows several relatively big jumps, which
indicate the transformation of the linear spaces £; after adding a single eigenvec-
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tor to its basis. The first jump corresponds to the transition from £5 to £g, that is
to the difference between Figs. 2.32 and 2.33.

Of course, thejump in the verticality function does not necessarily imply abrupt
changes in the forecast behaviour. Yet it signals the possibility of such a change.
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Figure 2.35 Gold price: forecast based on the nine leading eigentriples.

The second significant jump of the ‘Gold price’ verticality function is between
the 8th and the 9th eigentriples. It can be checked that if we take the leading
seven or eight eigentriples for the reconstruction, then the forecast behaviour will
be very similar to that of Fig. 2.33. The adjunction of the 9th eigentriple changes
the situation alot.

The forecasting result is represented in Fig. 2.35 in the manner of Figs. 2.32
and 2.33. It isaso unstable and differs from the previous ones.

Note that here the polynomial roots are also meaningful. The two largest root
moduli (1.019 and 1.001) correspond to two pairs of complex conjugate roots
with frequencies w ~ 1/17 and w =~ 2/15. The third root is real and is slightly
greater than 0.998.

Evidently, the emergence of new polynomial roots with large moduli may sig-
nificantly affect even a short-term forecast.
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CHAPTER 3

SSA detection of structural changes

3.1 Main definitions and concepts

Let us start with a description of the main model of the time series, whose struc-
tural changes we are attempting to detect.

We shall call atime series Fiy homogeneous it is governed by some linear
recurrent formula (LRF) whose dimension is small relative to V. (See Chapter 2
concerning continuation of such series and series close to them and Chapter 5
concerning the related theory.)

Assume that due to an outside action (or for another reason) a homogeneous
time series is being exposed to an instant perturbation; that is, it stops following
the original LRF. However, after a certain time period it again becomes governed
by an LRF which may be different from the original one. Even if the new LRF
coincides with the original one, the behaviour of the time series after the pertur-
bation is generaly different from the behaviour of the unperturbed series: this
behaviour is determined by the new (perturbed) initial conditions for the LRF.

Thus, we assume that the time series is being exposed to an instant (local)
perturbation which sends it from one homogeneous state to another within arel-
atively short transition time. As a result, the series as a whole stops being homo-
geneous and the problem of studying this heterogeneity arises.

We shall mostly study the problem of the posterior detection of the heterogen-
eities without restricting ourselves to the detection of the transition (perturbed)
interval of the series, which is the change-pointdetectionproblem In addition
to this standard detection problem, we shall be interested in comparison of the
homogeneous parts of the series before and after the change. The case of two or
more local perturbations will be considered as well.

The main idea of the method for solving the above problem of detection of
structural changescan be described as follows. In view of Section 5.2, the time
series Fy governed by the LRF is characterized by the fact that for sufficiently
large values of the window length L (this value must be larger than the dimension
of the LRF) the L-lagged vectors of this series span the same linear space £~
independently of NV (as soon as N is sufficiently large). Moreover, if the LRF is
minimal, then the space £%) uniquely defines the LRF and vice versa.

Thus, the violations in the homogeneity of the series can be described in terms
of the corresponding lagged vectors: the perturbations force the lagged vectors to
leave the space 2@ The corresponding discrepancies are defined in terms of the
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distances between the |agged vectors and the space £%), which can be determined
for different parts of the series (for example, before and after the perturbation).

Of course, such anideal situationispossible only in artificial examples. In prac-
tical cases the series are described by LRFs only approximately, and the problem
of approximate construction of the spaces £X) becomes important. Here, as in
the problems of SSA forecasting (see Chapter 2), the SVD of the trgjectory matri-
ces does help. However, unlike the forecasting problems, for studying structural
changes in time series, the properties of the SVD of subseries of the initial series
are of considerable importance.

Asin Chapters 1 and 2, the study in the present chapter is made at a qualitative
level; athough in some simple cases (which are, as a rule, artificial examples)
some quantitative procedures can be suggested.

3.1.1 Heterogeneity matrix and heterogeneity functions
(a) Heterogeneity matrix

Consider two time series F() = F{) and F() = F;) and take an integer L
with 2 < L < min(N; — 1, Ny). Denote by £51) the linear space spanned by
the L-lagged vectors of the series F/(1).

Let Ul(l) (Il=1,...,L)betheegenvectors of the SVD of the trgjectory matrix

of theseries F() . For I > d % dim £(&)), wetake vectorsfrom any orthonormal

basis of the space orthogonal to £(*!) asthe eigenvectors U ")

LetT = {i1,...,i,} beasubsetof {1,..., L} and £V %' span(U?,1 € I).
Denoteby X{*),..., X2 (K2 = N, — L + 1) the L-lagged vectors of the time
series F(?),

We introduce a measure called the heterogeneity indexvhich characterizes the
discrepancy between the series F'(2) and the structure of the series (1) (described
by the subspace £(1):

K.
3 dist? (XI(Q), 25”)
(F(l).F(Q)) _ =1 (3.1)
g b - K2 b .
> IIx2)2
=1

where dist(X, £) is the Euclidean distance between the vector X € R* and the
linear space £ R’ The heterogeneity index ¢ isthe relative error of the optimal
approximation of the L-lagged vectors of the time series F'(2) by vectors from the
space £V,

The values of g belong to the interval [0, 1]. If &l the L-lagged vectors of
the series F(?) lie in the subspace £, then g(F(1); F(2)) = 0. Alternatively,
if all the L-lagged vectors of F(2) are orthogonal to the subspace £(V, then
g(FM; F)y =1,
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The heterogeneity index g can be interpreted as a normalized squared error of
themultipleregression of vectors X7, ..., X ) relativetothevectors U, 1 €.

We now define the heterogeneity matrixH-matrix) of atime series Fy. The
elements of this matrix are values of the heterogeneity index ¢ for different pairs
of subseries of the series Fy.

To make the definition we introduce the following objects:

(8 theinitial timeseries Fiv: Fiv = (fo, .-+, fn—1), N > 2;

(b) thesubseries(intervals) F; ; of thetimeseries Fix: F; j = (fi—1,..., fi—1)
for1<i<j<N;

(c) thewindow length L: 1 < L < N;

(d) thelength B of the base subseries of the series Fiy: B > L;

(e) thelength T of the test subseries of the series Fiy: T > L;

(f) thecollection I of different positiveintegers: I = {ji,..., j-}; We assume
that I issuchthat j < min(L,B — L+ 1) foreach j € I;

(g) the base space& = 1,...,N — B + 1) are spanned by the eigenvectors
with theindicesin I, obtained by the SVD of the trajectory matrices X (-5)
of the series F; ;; p—1 with window length L. The corresponding set of
eigentriplesis called the base set of eigentriples

In these terms, the elements g;; of the heterogeneity matrix G = G r are
9ij = 9(FiiyB-1: Fjjyr-1), (3.2

wherei=1,..., N—-B+1landj=1,...,N =T+ 1. Thus, in (3.2) the space
259 playstheroleof £(1). The series F; ; p_; are called the base subserie@r
base intervalpof the series iy, while F; ;. r_, aretest subserie@intervalsg.

By definition, the quantity g;; is the normalized sum of distances between the
L-lagged vectors of the series F; ;,_; and the linear space SE,LEf ). Note that the
matrix G is generally not symmetric even for T = B, since the base and the test
subseries of the series play different rolesin the construction of the heterogeneity
index Gij-

If the base spaces EE,LBZ) do not depend on ¢ for a certain range of ¢, then for
any T all ith rows of the matrix G are equal to each other for the same range of .
In turn, if the set of L-lagged vectors of the series F}; ;r_; does not depend on
jforj; < j < jo, thenfor any B al jth columns of the matrix G are equal for

1 <7< J2.
(b) Heterogeneity functions

On the basis of the heterogeneity matrix G let us introduce various heterogeneity
functions

1. Row heterogeneity functions ‘
For fixedi € [1, N—B+1] therow heterogeneity function isaseriesHj(\ﬁf)TH,
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so that its general termis

r,i) def
W g = 9(Frisp1; Famsr—1), n=1,...,N—-T+1.

Thus, the series H](Vr_’)T 41 corresponds to the ith row of the matrix G.

The row heterogeneity function H](\ﬁf)T 4 Teflects the homogeneity of the se-
ries Fy (more precisely, of its test subseries F,, ,+7_1) relative to the fixed
base subseries F; ;. p—1 (more precisely, relative to the base space S(L ”)
This is due to the fact that in the construction of the row heterogeneity func—
tion the base subseries of the series Iy isfixed, but the test subseries varies.

2. Column heterogeneity functions

In addition to the row heterogeneity function we can consider the column het-
erogeneity functions, which correspond to the columns of the H-matrix. For-
mally, for fixed j € [1,..., N — T + 1] the column heterogeneity function
H](J J)BH of length N — B + 1 isdefined as the time series with general term

def
hﬁfff = Gnj = 9(Fnnsp-1; Fj j17-1)-

Inthiscase, thetest subseries of the seriesisfixed, but the base subseriesvaries.
The column heterogeneity function also reflects the homogeneity of the series
Fn (more precisely, the base spaces E(L ”)) relative to its fixed test subseries
F} j+r—1 (more precisely, relative to the L-lagged vectors of this subseries).

When using the column heterogeneity functions in the interpretation of the
results we have to bear in mind that in comparison to the row heterogeneity
functions, the base and the test subseries of Fy are being interchanged.

3. Diagonal heterogeneity functions

The diagonal heterogeneity function is atime series H 5, (d 5)
ter 0 < § < N — T, such that

_s541 With parame-

d,s) def
h( 1) lef Innts = 9(FnntB-1; Fntsnto+rr—1)

foon=1,...,N-T+6+1. Thus, theserlesH( ) _s41 Correspondsto the
"diagonal’ j = i + § of the matrix G.

Theseries H ]({,1 5% 541 reflectsthelocal heterogeneity of the series, since both

the base and the test subseries of the series Fiy vary at the same time. For
T + 6 > B thetest intervals are ahead of the base intervals. In particular, for
0 = B thetest intervalsimmediately precede the base intervals.

4. Symmetric heterogeneity function
Whené = 0and T = B, the base subseries of the series coincides with the test

subseries. The heterogeneity matrix G becomes asquare matrix, and the series

HY 5 < HO), | correspondstoitsprincipal diagonal. The general term

s def
hgz) 1= ( 01) = 9(F7L,71,+B—1§Fn,n+B—1)
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of the seriesHJ(\?)_BJr1 is equal to the eigenvalue share:

B =1= 20 SN, (33)
l

lel

where /\5") are the eigenvalues of the SVD of the trajectory matrix of the se-

ries F, 1 With window length L. We shall call the series H ;.| the
symmetric heterogeneity function.

The equality (3.3) implies that for B = T the principa diagona of the het-
erogeneity matrix G (namely, the series H ](\?l p41) Characterizesthe quality of
the local description of the series Fiy by the eigentripleswith indicesin 1.

Remark 3.1 A single heterogeneity interval in the series Fy can generate one or
more radical changesin the behaviour of the heterogeneity functions.

Consider, for instance, the row heterogeneity function (that is, assume that the
test interval varies, but the base interval is unchanged). Then an abrupt change in
the values of the row heterogeneity function may happen in two regions; when the
test interval ‘enters’ the heterogeneity interval of the original series and when it
‘departs’ from this heterogeneity interval.

For the column and symmetric heterogeneity functions, a single local hetero-
geneity in the original series also generates two potential jumps. In the same sit-
uation the diagonal heterogeneity functions may have three (for § = B) and even
four jumps (for § # B).

3.1.2 Detection functions

Aswas already mentioned, posterior change detection problems can be regarded
as specific cases of the problem of studying heterogeneities in time series. As
a rule, change detection problems are problems of testing homogeneity of the
structure of the series with respect to the structure of the initial part of the series
(‘forward’ change). Sometimes the problems of testing changes with respect to
the structure of the terminal part of the series are also of interest (‘backward’
changes). In some cases estimation of the change-point, which is the time of the
violation of the homogeneity, is aso important.

We shall mostly consider the ‘forward’ change detection problem, although the
‘backward’ change detection is of significant importance in the forecasting prob-
lems, in finding the homogeneous parts of the original series that can be used for
forecasting. The ‘forward’ change detection problem can easily be transformed
into the ‘backward’ problem by inverting the time, that is, by considering the

. def
series f] = fn_i-1.

(a) Structural changes and heterogeneity functions

The specifics of the change detection problem raises the question of the corre-
spondence between the heterogeneity functions and the original series Fy. Let us
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discussdifferent cases of this correspondence for the problem of ‘forward’ change
detection.

If we consider the row heterogeneity functions, then the ‘forward’ change as-
sumesthat thetest interval is ahead of the base one, and therefore we can formally
deal with the starting base subserigs; z which corresponds to the first point of
theinitial series.

Aswas already mentioned, asingle changein the series F'y must generally cor-
respond to one or more radical changes in the values of heterogeneity functions;
for the row heterogeneity function there may be at most two such changes.

Assumethat we areinterested in thefirst (after the starting baseinterval) change
in the series. This change corresponds to the ‘entrance’ of thetest interval into the
region of heterogeneity, and therefore it is natural to index the values of the row
heterogeneity function by the last point of the test interval rather than by the first
point of this interval (as is made in the homogeneity matrix). Thus, we obtain
the new indexation: the ith term of the row heterogeneity function is indexed by
T—-1+41.

In the case when we are trying to find several changesin the original series, itis
worthwhile keeping both indexation systems for the terms of the row heterogen-
eity function (the standard and the new one). Thisisin order to prevent assigning
two structural changes to the original series while observing two radical changes
in the values of the row heterogeneity function that are caused by ‘passing’ the
region of heterogeneity by the test interval.

Of course, al the above also relates to the column heterogeneity functions (and
to the symmetric heterogeneity functions, where the base and test intervals coin-
cide).

The general case of the diagonal heterogeneity function requires a larger num-
ber of indexation systems, since one local heterogeneity can give rise to three or
four jumps in the values of this function.

In what follows, we shall not use the entire variety of heterogeneity functions
and their indexation systems. In addition to the full information which is con-
tained in the heterogeneity matrix, we shall use only some particular cases of the
heterogeneity functionsin the form of the so-called detection functions.

(b) Types of detection function

The detection functions considered bel ow will differ from the heterogeneity func-
tions in several aspects.

First, since we are interested only in the ‘forward’ changes, we shall use only
the series F; g as the base part of the series for both the row and column hetero-
geneity functions.

Second, for the diagonal (but not symmetric) heterogeneity functions we shall
always assumethat § = B. This means that there is ho gap between the base and
test intervals. We thus always compare neighbouring parts of the time series.
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Finally, the detection and heterogeneity functions have different domains. For
example, the indexation of the terms of the heterogeneity functions always starts
a 0, but the terms of the row detection function are in correspondence with the
end-points of the test intervals. (For the column detection function the indexation
correspondsto the last points of the baseintervals.) That meansthat we are mostly
interested in the first ‘forward’ change in the series.

We introduce formally the detection functions, which are related to the hetero-
geneity functions of the previous section.

1. Rowdetectionfunction
The row detection function is the series D¥7)N with terms

a4 hnr’,l% = 9(F1,B; Fu-Ty1,n), (34)

T < n < N. This corresponds to the detection of the change with respect to
the initial part of the series (more precisely, with respect to its first B terms,
which are represented by the space E(Ifél)).

2. Columndetectionfunction
The column detection function is the series Dg?N with terms

c ef c
d;ll d: hf}i% = g(anBJrl,n; FLT)a (35)
B<n<N.

3. Diagonaldetectionfunction
Thisisthe series D(leBﬁN with terms

def
dq(1d_)1 = h;dig')_B = g(Fn—T—B+1,n—T+1; Fn—T+1,n); (36)

T + B < n < N. Since there is no gap between the base and test intervals,
this detection function can be used for detection of abrupt structural changes
against the background of slow structural changes.

4. Symmetriaetectionfunction

Let T' = B. Then the terms of the series Dg?N, which is called the symmetric
detection function, are defined by

S def ; (s
dill = h’ELiB = g(Fn—B—&-l,n; FTL—B+1,7L)7 (37)

B < n < N. This detection function measures the quality of approximation
of the base series by the chosen eigentriples.

The relation between the above heterogeneity/detection functions and the het-
erogeneity matrix in the case B = T isshown in Fig. 3.1. The rowsin thisfigure
are numbered from bottom to top, and the columns are numbered in the stan-
dard manner, from left to right. Thus, the bottom ith row corresponds to the base
subseries

FiitB—1= (fiz1,---, fixB—2)
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Figure 3.1 Heterogeneitynatrix andfour detectionfunctions.

of the series Fy, and the elements of this row constitute the row heterogeneity

function HI(\}_”T +1- Analogoudly, the jth column from the right of the heterogen-
eity matrix corresponds to the test subseries

Fj,j+T71 = (fjfla ey fj+T72)7

and the elements of this column constitute the column heterogeneity function
H

The detection functions are depicted in Fig. 3.1. The row and column detection
functions correspond to the first (from below) row and the first column of the
matrix. The symmetric detection function is depicted as the principal diagonal of
the matrix, while the diagonal function is parallel to the symmetric function, but
starts at the point B + 1 of the first row of a matrix. The indexation of terms of
the detection functionsis not shown in the figure.

3.2 Homogeneity and heter ogeneity

Let us come back to the main model of perturbations of homogeneous (that is,
governed by the LRF) time series.

Let Fiy be ahomogeneous series governed by the minimal LRF of dimension
d (in terms of Chapter 5, fdim(F) = d). Let us choose integers L and r so that
L>dandd <r <min(L,N — L+ 1).

If we choose I = {1,2,...,r}, then the heterogeneity matrix (3.1) is the
zero matrix. Indeed, since B > L, then for any i we have S(L)(Fi,iJrB_l) =
£ (Fy), and therefore all the L-lagged vectors of the series F; ;,+_; belong
to the space £X)(F; ;, p_1) for all 4, j. This implies that any homogeneous se-
ries Fy gives rise to a zero heterogeneity matrix, and the presence of nonzero
elements g;; in this matrix is an indication of aviolation of homogeneity.
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We consider several types of violation of homogeneity and the corresponding
heterogeneity matrices.

3.2.1 Typesof singleheterogeneity

In accordance with the main model of a single local perturbation of homogen-
eity, the time series Fly is governed by an LRF until a certain time Q. Then an
instant perturbation takes place, although in a short time the series again becomes
homogeneous and controlled by an LRF. This LRF may differ fromtheinitial one.

If the same LRF is restored, then we have a temporaryviolation of the time
series structure; otherwise (when the new LRF is different from the original one)
the violation of the structure is permanent

We denote by @) the maximal moment of time such that the series I, g is
homogeneous. This moment of time @ will be called the moment of perturbation
or change-pointLet d = fdim(Fy g—1).

Assume that some time S > 0 after the perturbation, the time series becomes
homogeneous again, which meansthat the series Fip 1 s, v ishomogeneous. We set
dy =fdim(Fg4s,n). Thetimeinterval [Q, Q+5] is caled the transitioninterval.
The behaviour of the series within the transition interval is of no interest to us.

Let L > max(d,d;). Assumeinadditionthat L < Q—1and L < N—Q—S+1.
If the L-lagged vectors of the series Fy span the original subspace £X)(Fy 1)
after they left the transition interval [Q,Q + S] (that is, if £X(F o 1) =
£ (Fo1s.n5)), then both homogeneous parts of the time series are governed
by the same minimal LRF. Thisisthe case of atemporary heterogeneity. By con-
trast, if £ (F1.g_1) # £ (Fo s n), then the minimal LRFs that govern the
two parts of the series are different and the heterogeneity is permanent.

For instance, a change in the period in one of the harmonic components of
the series and a change in the number of harmonic components mean permanent
heterogeneity. Alternatively, a change in the phase of one of the harmonic com-
ponents, a change in a constant component of the series, and change in the slope
of alinear additive component of the series mean temporary heterogeneity.

L et us now describe the general form of the heterogeneity matrix (H-matrix) of
alocally perturbed homogeneous series. We shall assume that the lengths of the
base and test intervals satisfy the condition max(B,T) < Q.

Analogous to the case of a homogeneous series, consider I = {1,2,...,r}
and assumethat r = d < min(L, B — L + 1). Then al the elements g;; of the
heterogeneity matrix G r arezerofori + B < Q and j + T < Q. Thisisdue
tothefactthat fori + B < Q and j + T < @, both the base and test subseries
of the series F'y are also subseries of the homogeneous series £ ;. The values
of the other elements of the H-matrix depend on the type of the heterogeneity and
the values of parameters.

Schematically, the general form of the H-matrix is depicted in Fig. 3.2. There-
gion A corresponds to the elements g;; of the H-matrix wherethe series F; ;1 g1
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and F; ;47— are subseries of the homogeneous series F o—1. Thus, in the re-
gion A, we have g;; = 0. Intheregion D, both series £ ;g1 and F}; j7_; are
intervals of the series Fiy ¢ v. Thus, if the dimension d, of the series Fiy s v is
not larger than the dimension d of the series F'; _1, thentheregion D isalso the
zero region.

In case of temporary heterogeneity, all four regions A, B, C and D are zero
regions.

N-B+1

Q+S

Q-B+1

1 O-T+1 Q+S N-T+1

Figure 3.2 Generalform of the H-matrix.

‘The heterogeneity cross', that is the region of the elements g;; of the H-matrix
with indices (i, j) such that

Q-B+1<i<Q+5-1, Q-T+1<j<Q+S5—1,

isalso an essential part of this matrix (it is coloured dark in Fig. 3.2). The hetero-
geneity cross corresponds to those (4, j) where either the base or the test interval
has a nonempty intersection with the transition interval. The width of the vertical
strip of the crossisequal to T + S — 1, and the height of its horizontal strip is
B+S-1.

Let us give examples of series and their H-matrices for different types of het-
erogeneity. Depicting the matrices we shall use the black-and-white scale, where
the smaller the value the whiter the colour. White corresponds to zero.

In the majority of examples, the transition interval consists of one point only
(that is, S = 0). The case S > 0 differs only in the width of the heterogeneity
cross. An instructive example with S = 1 is the case of a homogeneous series
with an outlier (Example 3.7).

(a) Permanent violation (‘tile-structure’ matrices)

As discussed above, permanent violation is characterized by the fact that the two
minimal LRFs, which govern the series F o_; and Fs n, do not coincide.
Since the dimension of the LRF reflects the complexity of the related series, the
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main classification will be made in terms of the correspondence between the di-
mensions d = fdim(F g—1) and di = fdim(Fg1s n). Moreover, the relation
between the spaces spanned by the L-lagged vectors of these subseries of the
series Fiy will also be taken into account.

For simplicity, wetake .S = 0 in all the examples relating to permanent hetero-
geneity.
Example 3.1 Conservatiorof dimension
Assume that fdim(F g—1) = fdim(Fg, n). For instance, let the series Fiy have
the form

£ = { Cysin(2rwin + ¢1) forn <@ —1,

Casin(2mwan + ¢2) forn > Q -1, (38)

with Cy,Cy # 0,0 < wy,wse < 0.5 and wy # ws. The last relation signifies the
permanency of the structural change. It isclear that inthiscased = d; = 2.

Under the choice r» = d, the heterogeneity matrix is a square matrix with ele-
ments

i<Q-T "\ jzQ+s

and, in general, g;; > 0 otherwise. Thus, the blocks .4 and D (Fig. 3.2) are zero
blocks and the blocks 5 and C are generally not.

gij:Oif{iSQ_B Or{ i>Q+S

201

102

102 201

Figure 3.3 Conservation of dimension: H-matrix.

This matrix is depicted in Fig. 3.3 for the series (3.8) with N = 400, w; =
1/10,wy =1/10.5,C1 = Cy =1, ¢1 = ¢ = 0 and @ = 201. Other parameters
aeB =T =100, L = 50, r = 2and I = {1,2}. Since the values of the
parameters (the lengths of the test and base intervals and the window length) are
rather large, the matrix has a regular structure with constant values of g;; in the
blocks B and C. The values of g;; vary between the limits [0, 0.17].
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In Fig. 3.3, aswell asthe subsequent figures, the middle horizontal labels indi-
cate the edges of the vertical strip of the heterogeneity cross (i.e,, @ — B + 1 and
Q). Thevertical labels (Q — T+ 1 and @) correspond to the horizontal strip.

Since we are considering the heterogeneity of the series with respect to itsini-
tial part, it is worthwhile using detection functions. These functions are depicted
in Fig. 3.4 (three detection functions are shown in the top graph; the series itself
isin the bottom one). Note that for pictorial convenience the first 99 terms of the
series are omitted.

We can seethat all the detection functions start rising at the point 201 (thisisthe
first point with nonzero values of all the detection functions). Thisis areflection
of the structural changein the series Fy at this moment of time.

0.18

0.12

0.06

Figure 3.4 Conservation of dimension: detection functions and the initial series.

We recall that the row detection function (thick line, top graph of Fig. 3.4) cor-
responds to the bottom row of the H-matrix of Fig. 3.3. The symmetric detection
function (thin line) indicates the principal diagonal of this matrix. The diagonal
detection function (the line marked by crosses) depicts the secondary diagonal of
the matrix with the column number exceeding the row number by 99.

Also, according to the definition of the detection functions, the indexation has
been changed so that the values of g;; correspond to the last points of the test
intervals.

In this case, since the length of the test interval is 100, the first term of the
row and diagonal detection functions is indexed by 100, and the indexation of
the diagonal detection function starts at 200. This indexation system provides
a correspondence between the change-points in the behaviour of the detection
functions and the time series Fy.
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Example 3.2 Reductiorof dimensiongeneralcase
Let us assume that fdim(F g—1) > fdim(Fg ~), but

LB (Fyg-1) 2 £ (Fon).
An example of such a seriesisthe series Fiy with

= C1sin(2rwin) + Coysin(2rwan) forn < Q —1,
" Cssin(27wsn) forn>Q —1,

where Cl,CQ,Cg 74— 0,0 <w; <05,7=1,2,3, w1 # wo, and w3 # w1, w2.
In this case, under the choicer =4 and I = {1, 2, 3,4} (and suitable parameters
L, B and T'), the heterogeneity matrix has aform similar to the case of the ‘con-
servation of dimension’ (Fig. 3.3): the blocks A and D are zero blocks, but the
blocks C and B are not.

(3.9)

Example 3.3 Reduction of dimension: inheritance of structure

The heterogeneity matrix has a specific form when the reduction of dimension
is caused by the disappearance of one of the series components. In this case we
have S(L)(FLQ_l) > E(L)(FQ,N). We called this the inheritance of the series
structure after the perturbation. Let us give an example.

Assume that the series Fiy has the form (3.9) with N = 50, w; = w3 = 1/10,
Wo = 1/5,01 = 1,03 =0.8,Cy :0.2,¢1 :¢2 = ¢3 :(),andQ:BQWe
thushaved = 4 and d; = 2.

Since w; = ws, we have £ (F 1) > £%)(Fy n). Choose B = 15,
T = L = 8. In accordance with our convention, »r = 4 and I = {1,2,3,4}. The
corresponding H-matrix is depicted in Fig. 3.5 (the values vary from 0 to 0.072).

32

18

25 32

Figure 3.5 Reduction of dimension: inheritance of structure.

Theblocks A, C, and D of thismatrix are zero blocks. Only the nonzero block B
deserves acommentary. By definition, an element of the block 53 isthe normalized
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sum of distances between certain L-lagged vectors of the series F; ¢, and ther-
dimensional subspace )39) spanned by the r leading eigenvectors corresponding
to some subseries of the series i .

Sinceinthe present caser = d > d;, and the subspace e (Fg,n) hasdimen-
sion dy, there is an uncertainty in the selection of » — d; missing eigenvectors (in
our caser —dy = 2), which correspond to the zero eigenvalue. I n accordance with
our convention, these eigenvectors are chosen as ‘arbitrary’ orthonormal vectors
inthe‘zero’ eigenspace. (In practice, they are chosen by a concrete computational
procedure.)

Thus, despite the fact that the spaces £(F} 1) and £(2) intersect, they do not
coincide, and the distance from the vectors in the space £(F; g—1) to the space
£(5) is not necessarily zero.

Example 3.4 Increase of dimension: general case

Consider the general case of the increase of dimension of the series after the per-
turbation. We thus assumethat fdim(F, ;) < fdim(Fg x)and £5 (Fy 1) ¢
£ (Fg n). This means that the perturbation increases the complexity of the se-
ries, which implies structural change. In the smplest case

eE(F g ) NneB(Fon) =0.

13 22

Figure 3.6 Increase of dimension: the general case.

Assume, for example, that

fo = { O sin(2mw1n) prns@-h 310

Cy sin(2wan) + Cs sin(2rwzn) forn > Q — 1,

WhereCl,Cg,Cg 7é 0,0 < wy,ws,ws < 0.5 and all the w; are different. In this
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case, the elements of the heterogeneity matrix are such that

. < —B
gig =0 1 { isoot
and (in general) g;; > 0 otherwise. Thus, in the general case, only the block A
is the zero block. This matrix is depicted in Fig. 3.6 for the series (3.10) with
N = 50, w1 = 1/10, Wo = 1/8, Wy = 1/5, Cl = 1, 02 = 0.8, 03 = 0.5 and
Q = 22. Thus, r = 2 and I = {1, 2}. The other parametersare B = 7' = 10 and
L = 5. The range of values of the H-matrix is [0, 0.65].

Example 3.5 Increase of dimension: inheritance of structure
The more typical case is perhaps when the new structure inherits the structure of
the unperturbed series, that iswhen £X)(Fy o) € £5)(Fg n).

This happens, for instance, when a harmonic is added to the already existing
one, which isthe case w; = ws in the series (3.10). In this situation, for appropri-
ate parameters the H-matrix achieves the specific form shown bel ow.

Let the series Fiy be (3.10) with N = 55, w; = we = 1/10, ws = 1/5,
Cr=1,0,=08,C3 =02,¢1 = ¢ = ¢p3 = 0and @ = 32. Thus, r = 2
and I = {1,2}. Let the other parametersbe B = 19 and T' = L = 10. Then the
H-matrix is as depicted in Fig. 3.7. The range of values of its elementsis [0, 0.1].

32

14

23 32

Figure 3.7 Increase of dimension: inheritance.

The blocks .4 and B of the matrix of Fig. 3.7 are zero blocks. The equality
B = 0 (0 is the zero matrix) is due to the choice of parameters. Specificaly,
the values for B and L are chosen in such a way that the components of the
series Fo, n (harmonics with frequencies 1/10 and 1/5) are separable. In this
case, foral jsuchthat Q + S < j < N —T + 1, thelagged vectors of the series
F1,g—1 belong to the two-dimensional subspace Sf,fg ) (where I = {1, 2}) of the

four-dimensional space £(JLBJ ) (where J = {1, 2,3,4}) spanned by the L-lagged
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vectors of the series I ; p_1. Other choices of the parameters L and B may lead
to alack of separability and therefore to a nonzero block B.

(b) Temporaryviolation (‘cross-structure’matrices)

In the case of temporary violation, (%) (Fy o) = 2% (F, ) andtheelements
of the H-matrix satisfy the following relation:

ifgi; Z0then@Q@ —-B<i<Q+SorQ-T<j<Q+S.

Thus, in the case of temporary violation, al four blocks of the H-matrix (see
Fig. 3.2) are zero blocks. Hence the pictorial representation of this matrix has the
form of a cross. The horizontal strip reflects how the transition interval distorts
the space £“)(F, 1) with respect to which the heterogeneity has arisen. The
vertical strip shows what kind of influence the heterogeneity has on the lagged
vectors of the series.

Consider two cases corresponding to two values of S of particular interest:
S=0and S =1.

Example 3.6 S = 0: change of initial data in the LRF
In the case of temporary violation and S = 0 we have

£ (Fo.n) # &M (Fo-1.n).
In particular, thisimpliesthat £ (Fy o) = £ (Fg ) # £5)(Fy).

21

12

12 21

Figure 3.8 Temporary violation.§ = 0): H-matrix.

As an example of this situation we may consider the series

£, = Cysin(2rwn + ¢1) forn < @Q —1,
" Cosin(2rwn + ¢o) forn>Q —1

with0 < w < 0.5 and ¢1 # ¢o.

(3.12)
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0.78

0.52

0.26

0

1 4 7 10 13 16 19 22 25 28 31 34 37 40
1.01

0.68

0.34

0.01

1 4 7 10 13 16 19 22 25 28 31 34 37 40

Figure 3.9 Temporaryiolation (S = 0): detectionfunctionsandthetimeseries.

As another example, take piecewise linear (or piecewise constant) series:
_J oain+b forn<@ -1,
fn= { asn+by forn>Q -1 (3.12)

with ai 7é as and/or b1 7é bs.

The H-matrix for the piecewise constant series Fiy of the form (3.12) with
N = 40,a; = as = 0,b; = 0.01, b = 1.01 and Q = 21 is represented in
Fig. 3.8. Both homogeneous subseries are governed by thesame LRF: f,, 11 = f,.
The parameters of thematrix arer = 1and I = {1},andaso B =T = 10 and
L = 5. The range of values for the elements of the matrix is [0, 0.78].

Consider the detection functions. From their representation in Fig. 3.9 (the de-
tection functions are given in the top graph; the original series isin the bottom
one), we observe the start of the growth of the row and diagonal functions at the
point @ = 21. Thisisin agreement with the fact that the structure of the series
Fx has been perturbed at thistime.

Fig. 3.9 depictsthe row detection function D1(<r1)40 (thin line marked with points),
the symmetric detection function Dﬁ){ 40 (thin line) and the diagonal detection
function DSy, (thick line).

Note that the diagonal detection function Déff’ 40 has two jumps, when the test
and base interval s contact the change-point for thefirst time. It again starts achiev-
ing zero values only when the base interval passes the change-point. Of course,

this feature of the diagonal detection function may be undesirable in the case of
several changesin the series.

Copyright © 2001 CRC Press, LLC



Example 3.7 S = 1: a single outlier
The presence of asingle outlier is one of the most common cases of series hetero-
geneity. Thisisthe case of atemporary violation with S = 1.

Consider a homogeneous series Fy; with general term f*, and for some @
(1<@Q<N)set

O B =

withsomea # f§. Inthis case, we shall say that the series Fy has heterogeneity
in the form of asingle outlier. It is clear that this heterogeneity is temporary.

0.17

0.11

0.06

0

1 13 25 37 49 61 73 85 97 109 121 133 145

1.8

LJAAAAAAAA
SAANV YA

<

-1.8

1 13 73 85 109 121 133 145

Figure 3.10 Temporary violation: detection functions and the series with an outlier.

52 "’
37 52

Figure 3.11 Series with an outlier: H-matrix.
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As an example, consider the series Fy; with N = 149 and
» = sin(2mn/17) + 0.5sin(27n/10).

Take @ = 51 and define the series Fy by (3.13) witha = f¢,_; — 1.5. The series
Fy isdepicted in Fig. 3.10 (bottom graph). For this seriesd = d; = 4. Hence,
r=4and I ={1,2,3,4}.

The H-matrix of the series Fiy with B =30and T = L = 15 isrepresented in
Fig. 3.11 (therangeis [0, 0.34]). From thisfigure, we can see that the elements of
the H-matrix relating to the vertical strip of the heterogeneity cross are on average
significantly larger than the corresponding valuesin its horizontal strip.

This can be explained by the fact that for large B and L (r < L < B/2), the

spaces SE,LBZ) are stable with respect to asingle outlier. Thus, the heterogeneity at

point @ has very little effect on the spaces E(ILB’ ) , but it significantly changes the

the lagged vectors of the test subseries F; j 7.

The corresponding row and column detection functionsare depicted in Fig. 3.10
(top graph). Note that the row function (thin line) detects the outlier more expli-
citly than the column one. Note also that if B and L were to be reduced, then the
vertical and horizontal strips of the cross would be closer in terms of the values
of the heterogeneity index.

3.2.2 Multiple heterogeneity

If there are several local regions of heterogeneity in thetime series, then its hetero-
geneity matrix contains submatrices corresponding to each single heterogeneity.
L et us give an example with two local heterogeneities.

Example 3.8 Exampleof multiple heterogeneity
Consider the series Fy with

Co + Cosin(2rwin) forl <n < @i —1,
fn=9q C14 Cosin(2rwin) for@Q; —1<n<Qy—1,
Cy + Cysin(2rwan) for Q2 —1 < n < N,

where N = 120, Ql =41, QQ = 81, CO =0.02,C; =0.1,Cy =1, w; = 0.1,
and wy = 10/98. The series Fy g, -1, Fo,,0,—1, ad Fg, y are homogeneous
with governing LRFs of equal dimension 3. Moreover, the LRFs of the first two
subseries coincide, but they differ from the LRF of the third subseries. Thus,
the first change-point (), corresponds to a temporary violation, while the second
change point @, relates to a permanent one.

The series Fy is depicted in Fig. 3.12. In accordance with our convention,
r=3andl = {1,2,3}. Set B =T = 10 and L = 5. Fig. 3.13 shows the
H-matrix of the series Fy (the range for its elementsis[0,0.09]).

The elements g;; with 1 < 4,5 < 71 = ()2 — B of this matrix correspond to
the subseries £ g,—1, which has only one heterogeneity. The representation of

Copyright © 2001 CRC Press, LLC



0.83
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Figure 3.12 Doubleheterogeneityinitial series.

81
72

41
32

32 41 72 81

Figure 3.13 DoubleheterogeneityH-matrix.

the corresponding part of the matrix is similar to Fig. 3.8 and has the form of a
cross (temporary violation with S = 0).

The elements g;; with Q; = 41 < 4,5 < 100 = N — B + 1 correspond to
the subseries Fp,  n, which also has only one heterogeneity with conservation of
dimension (this time the heterogeneity is permanent). The representation of the
corresponding part of the matrix is similar to Fig. 3.3.

Remark 3.2 All the detection functions above relate to the study of heterogen-
eities with respect to the initial part of the series. However, in the forecasting
problems, the study of heterogeneities with respect to the end part of the seriesis
more important (backward change detection). Then the moment of heterogeneity
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(change-point) is defined as the minimal P such that the series F'p1 n is homo-
geneous. If thereisonly onelocal heterogeneity in the series, then P = @ + S.

The backward detection problem can be reduced to the forward one by the

‘inversion’ of the series: f/ def fn—i—1. Formaly, this means the substitution
of r = dy = fdim(Fpyq1,n) for r = d = fdim(F;,o—1) and an appropriate
choice of the new parameters B/, L' and T”. If d = d, then we can use ‘forward’
parameters B, L and T for the backward detection. Then the ‘ backward’ H-matrix
is obtained by rotating the ‘forward’ H-matrix through 180 degrees with respect
to the centre of the matrix.

In the latter case, the backward detection functions coincide with the hetero-
geneity functions for the original series. The shift in the indexation is not needed
since the values of the backward detection functions have to refer to the first point
of the test interval, which is the case for the heterogeneity functions. Thus, the
first (from the right) significant change in values of the heterogeneity functions
indicates the first (from the right) heterogeneity in the series.

3.3 Heterogeneity and separability

In the previous sections, the series Fy containing heterogeneities have been con-

sidered as single objects. This implied, in particular, that the number » of the

eigentriples determining the base spaces )JS;’;) was equal to the dimension d =

fdim(Fy,g—1) of the LRF governing the subseries F'; o1 of the series Fly.
More redlistic is the situation when Fy = FJ(\,l) + FJ(VQ), where the additive
component FJ(V” is subjected to a perturbation and the series F](VQ) hasasenseof a
nuisance (for example, F](VQ) isnoise).
In this setup, the requirement of (approximate) separability of the correspond-
ing subseries of the series F](Vl) and F](Vz) naturally arises. The concept of sepa-

rability, being central in the SSA, is discussed in Section 1.5 in detail (see also
Section 6.1 for the corresponding theoretical aspects).

The main object describing violations of homogeneity of time seriesis again
the heterogeneity matrix. For a homogeneous series, this is the zero matrix (un-
der a suitable choice of parameters). It was this zero matrix that served as the
background in classification of different types of heterogeneity.

In order to describe a variety of forms of the ‘background’ H-matrices for the
problem of detection of structural changes in series components, we first need to
study the case of a homogeneous series Fl(vl) whose subseries are (approximately)
separable from the corresponding subseries of the series F](VQ) .

This problem is studied in Section 3.3.1. Section 3.3.2 describes several cases
of heterogeneity.
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3.3.1 Heterogeneity
Let us start with the ‘ideal’ case of stable separability.

(a) Stableseparability

Let Fy = F\" + F{?) and F\" be homogeneous. Set d = fdim(F"). Assume
thatforalli =1,..., N—B+1 thesubsen&sttiB and F; fZFB | arestrongly
L-separable for somewmdow length L suchthat d < L < B. Since B > d, the

subseries Fz(zer | are governed by the same LRF that governs the series F{,

and therefore fdim(F, ), ;_,) = d. Setr = d.
We shall need one more assumption. Specifically, we assume that for any i,

the subseries FZ(7 ‘g1 isdescribed in the SVD of the L-trgjectory matrix of the
series F; ;1 p—1 by the eigentriples indexed by the numbersin I = {iy,... 4.},

which are the same as for the series Fl(}E);. If these assumptions hold, then we

shall call the seriesFI(vl) and F](VQ) stablyseparablgmore precisely, (B, L)-stably
separabl. If the series are stably separable, thenforal 1 <i < N — B+ 1we

have

ey = LOF L poy) = £DED). (314)
In view of the equality (3.14), the heterogeneity index g;; defined in (3.2) does
not depend on i for any 7T'.

If the series are stably separable, we can express g;; explicitly for all , 5. In-
deed, since dl the L lagged vectors of the time series FI(VQ) are orthogonal to the
subspace £ (F{"), it follows that

T—L+
> xR

G = (315)
> 1%

1=1
where X; ; and Xl(i.) are the L-lagged vectors of the time series F; j.7—1 and

F\?, ., respectively. N o
Let us comment on the condition of stable separability implying (3.15). The
condition of strong separability of the subseries of the series FI(VU and FJ(VQ) is, of

course, very restrictive. It consists in the requirement of weak separability of the

series Ft(le , and Fl(erB , for al 4 and the condition that the singular values
corresponding to these seriesin the SVD of the trgjectory matrices of their sums
are different.

Even the demand of weak separability isastrong condition. For ahomogeneous
series of dimension not exceeding 2, the unique example of two weakly separated
seriesis provided by the pair of exponential-cosine sequences whose parameters
satisfy certain relationships (see Sections 5.2 and 6.1.1).

Copyright © 2001 CRC Press, LLC



However, the class of the series satisfying these conditions significantly widens
if we replace the requirement of weak separability by the one of approximate
(and, especialy, asymptotic) weak separability.

The demand that the eigenval ues be different is necessary for the uniqueness of
identification of the weakly separable series in the SVD of the trgjectory matrix
of their sum.

There is another condition relating to the eigenvalues, namely the constancy of

the set I; indexing the eigentriples which describes the subseries FZ.(’BF g, Of the
series FJ(VU. As will be seen in examples, strong separability does not imply this
constancy (however, for the harmonic series this is true). A more serious matter
is that the constancy of I; is formulated in terms of the ordinal numbers of the
eigentriples, but their order can be unstable under even small noise fluctuations.

Let us give two examples of stably separable time series and the corresponding
H-matrices.

Example 3.9 Stable separation: nonperiodic series
Fig. 3.14 depicts the H-matrix of the series Fiy with N = 100 and general term

fu =10 + 12, where
fD = @™ cos(2mn /40), 2 =q, (3.16)

a = 1.025. The parameters (guaranteeing stable separation) were chosen as fol-
lows: B =179, L =40,r = 2and I = {1, 2}; this corresponds to selection of the
eigentriples related to the series FZ(V” . The parameter T was chosen as 79.

22

19

16

13

10

Figure 3.14 Stable separation: H-matrix for nonperiodic series.

Notethat each column of the H-matrix consists of equal elements but the matrix
is not constant. In terms of the heterogeneity functions, al the row heterogeneity
functions coincide and are decreasing, while the column ones are different but
constant.
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The next example deals with purely harmonic series.

Example 3.10 Stableseparation:periodicseries

Let the seri&F](Vl) and F](VQ) be harmonic with different integer periods p;, po > 2
and amplitudes C; and Cy, C; # Cs. Denote by p the greatest common divisor
of p; and p-.

Choose the window length L and the parameter B so that p divides both L and
B-L+1.Thentheseries £}, ,_, and F7, ;| areweakly L-separablefor all
i=1,...,N—B+1.Also, theinequality C; # C5 guaranteestheir strong sepa-
rability. Moreover, in the SVD of the L-trajectory matrix of the series F;; ; p_1,
the harmonic with the larger amplitude isrelated to the larger eigenvalue (of mul-
tiplicity two).

Thus, the seri%FJ(vl) and F](\?) are stably separable. Thisimplies (3.15). Let us
show that in the present case all the g;; are equal.

Indeed, since for a periodic harmonic with integer period p and amplitude 1 the
sum of its p squares within one period is p/2, the norms of the vectors || X z(? I
and ||X; ;|| do not depend on [ and j and their squares are equal to C5L/2 and
(C? + C2)L/2, respectively. Thus,

__ G
- C 402
which does not depend on T, the length of the test interval.

9ij

The differences in the heterogeneity matrices of Examples 3.9 and 3.10 are
related to the fact that the seriesthemsel ves are essentially different: periodicity of
the harmonic seriesin thelatter example guarantees the constancy of the g;;; at the
same time, stable separability of the components of a nonperiodic homogeneous
series leads only to the equality of all row heterogeneity functions.

Let us now consider the deviations from stable separability of series.

(b) Deviations from stable separability

In this section we consider different deviations from the condition of stable sepa-
rability of the series FJ(V” and FI(VQ), still assuming the homogeneity of the series
F](Vl). We have to distinguish two different kinds of deviation: deviations from
weak separability, not related to the ordering of the eigenvalues, and the effects
of coincidence and rearrangement of the eigenvalues, which have an influence on
both strong separability and the constancy of the sets I;. Of course, these devia-
tions may occur at the same time.

(i) Deviations from weak separability.Assume that the series FI(V” and FJ(VQ) are
approximately weakly separable. This means that either the values of the param-
eters B and L are close to those guaranteeing (weak) separability or these values
are sufficiently large and asymptotic (weak) separability does take place.
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Assume also that in the SVD of the trgjectory matrix of the series F; ;. g1 for

al i, the series FELB?I is related to the eigentriples with indices from the same
set 1. (This requirement corresponds to arrangement stability for the eigentriples
in the case of strong separability.)

To start with, we consider two examples when the values of the parameters B
and L are close to those guaranteeing exact separability. These examples corre-
spond precisely to the situation described in Examples 3.9 and 3.10. In the for-
mer example, under the choice of parameters providing exact separability, the
H-matrix consists of equal rows (the series is not periodic), while in the latter
example all the elements of the H-matrix are equal (the seriesis periodic).

Example 3.11 Approximatenveakseparability:nonperiodicseries

Fig. 3.15 depicts the H-matrix for the homogeneous series Fy of Example 3.9
with general term (3.16) (compare thisfigure with Fig. 3.14, where the same scale
is used to encode the H-matrix).

22

19

16

13

10

Figure 3.15 Deviationsin parametersH-matrix for nonperiodicseries.

All the parametersare asin Example 3.9 except for thewindow length L, which
isnow L = 35 instead of L = 40. These parameters guarantee only approximate
weak separability rather than exact separability.

Fig. 3.15 shows that the heterogeneity matrix is essentially the same; for in-
stance, the range of its values is (0.005,0.04). However, the row heterogeneity
functions are no longer equal .

Consider now the case when the series FI(VU and FJ(VQ) are periodic.

Example 3.12 Approximate weak separability: periodic series
Fig. 3.16 depicts the H-matrix for a homogeneous series 'y with N = 50 and

genera term f,, = 4 2,
M =sin(2mn/3), 2 = 0.5sin(27n/5).
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The parametersare B = 29, T = L = 14,r = 2, and I = {1, 2}. Therange of
values of the matrix elementsis approximately [0.1, 0.3].

Figure 3.16 Deviationsin parametersH-matrix for periodicseries.

Note that if we select L = 15 (this corresponds to exact separability), then all
the elements of the H-matrix will be equal to 0.2 (see Example 3.10). In the case
L = 14 we have approximate separability.

Even though the value of the window length L is aimost the same, the matrix
depicted in Fig. 3.16 isvery different fromthe‘ideal’ constant matrix correspond-
ing to exact separability. Let us comment on the reasons for this difference.

The lengths B and T of two intervals, the base and the test ones, enter the
definition of the heterogeneity matrix. Separability characteristics of the series
are strongly influenced by the choice of the length B of the base interval (aswell
as by the choice of the window length). At the same time, in the case of stable
separability and harmonic series, the H-matrix does not depend on T'.

In the case of deviations from exact separability, there appears a dependence of
the H-matrix on T'. The number of terms in the sums in both the numerator and
denominator of (3.1) isT — L 4+ 1. The smaller T is (and therefore 7" — L + 1),
the larger fluctuations the elements of the H-matrix may have.

Large fluctuations in the H-matrix depicted in Fig. 3.16 can be explained by
the fact that the number of lagged vectors in the numerator and denominator of
(3.1)isonly 1 (thatis, T' = L). If we increase the number of these lagged vectors
by increasing 7', then the variation in values of the elements of the H-matrix will
decrease. For instance, for ' = 33 (inthiscase ' — L + 1 = 20) the values of
these elementsliein theinterval (1.9,2.0).

Since both series are periodic, there exists a specific choice of the parameter T',
which leads to a very small range for the heterogeneity indices g;;.

If wetake T = 29, then the variation in values across the rows of the H-matrix
practically disappears (it becomes 0.005) and al the columns become equal. This
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is caused by the fact that the number 7" — L + 1 of lagged vectors entering the
sumsin (3.1) isequal to 15 and is therefore proportional to both periods, 3 and 5.

Note that the choice T' = L makes the mosaic structure of the H-matrix more
apparent also due to the total disagreement of 7' — L + 1 = 1 with the periods of
the series.

Example 3.13 Asymptoticseparability:harmonicseriescorruptedby noise

For long series, asymptotic weak separability (see Section 6.1.2) isamore natural
concept than the version of approximate separability related to a bad choice of
parameters. In the problems under consideration, regular asymptotic separability
assumes that the values of L and B — L + 1 are large. Of course, thisis possible
only when N islarge.

As arule, regular asymptotic separability implies that there are small fluctu-
ations around the limiting H-matrices, which are either constant or have the form
presented in Fig. 3.14. Natural examples of asymptotic separability arise in the
cases of noisy series.

Consider an infinite series F' with general term

fo =+ 2 = Csin2mnw + ¢) + e,

where ¢,, is some (deterministic) stationary chaotic series with covariance func-
tion R. and spectral density p..

Theresults of Sections 6.4.4 and 6.4.3 imply that the noise ¢,, isasymptotically
strongly separable from the signal (1), and, moreover, the signal F(1) asymptot-
ically corresponds to the first two eigentriples. (In the case of stochastic Gaussian
white noise, weak separability is proved in Section 6.1.3.)

Thus, if wechooser = 2 and I = {1, 2}, then asymptotically the elements g, ;
of the heterogeneity matrix have the constant limit

2R.(0)
C2+2R.(0)
In practice, the closeness of the elements of the H-matrix to the constant value

(3.17) isachieved by virtue of the large value of the serieslength N and the small
(relative to C'?) value of the variance R.(0).

Example 3.16 can be regarded as another example demonstrating the effect
of asymptotic separability, if the original series is taken only until the moment
of rearrangement of the eigentriples. In that example, where the components are
not separable for any choice of parameters, the base interval length B = 100
and the window length L = 50 appear to be large enough, so that the property

of asymptotic separability of the series F ) , , and F.;} ;,_, provides almost
exact separation (until the moment of rearrangement of the eigentriples). We can
observe the result of thisin the bottom part of the H-matrix in Fig. 3.21.

Let us discuss the deviations from stable separability relating to the changesin

the order of the eigenvalues.
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(ii) Rearrangemendf the eigentriples. The following examples are related to
the case when there isweak L-separability of the subseries of the series F(1 and
N , ). but the conditions relati ng to the eigenvalues of the trgjectory matrices do
not hold for all possible locations of the base interval.
More formally, we assume that

1. ForsomeBadLanddl¢=1,...,N — B+1theser|esFZ(l+B , and
F{2), 5, areweakly separable;

2. There exists some M (maximal number with this property) such that B < M
andform=B,B+1,...,M —1

o the series an) Bt1.m and Fy(,f B11.m arestrongly separable;

e inthe SVD of the L-trgjectory matrix of the series F,,,_p11,, the series
FT(n) B11.m 1S represented by the eigentriples with the same numbers I =
{i1,...,i,}, which hold for the series F ).

We shall call the moment of time M the moment of theeigentriplerearrangement
of the series Fy. At thismoment we have either termination of strong separability
or arearrangement in the set of the eigentriples representing the subseries of the
series FJ(\,” (without violation of strong separability). Since the former effect (if
it isindeed present) is usually accompanied by the second one, we can consider
these two effects together.

L et us give corresponding examples.

Example 3.14 Eigentriplerearrangementincreaseof dimension
Consider the time series Fiy with N = 400 and general term f,, = AU fr(f),
where

U =10a"", f2 =a"cos(2mn/20),

a = 1.005. The series Fy is depicted in the bottom graph of Fig. 3.18.
Under the choice B = 39 and L = 20 (see Section 6.1.1) we have weak se-
parability of the series FﬁlB , and FﬁlB , forall 4. It is clear that the series

F}ﬁ p_1 isdescribed by the single eigentriple. It is straightforward to check that

the series ), and F,), are strongly separable and that the series F} '}, is repre-
sented by the leadi ng eigentriple.

Thus, wehaver = 1 and I = {1}. Fig. 3.17 shows the H-matrix for T = 20;
the plots of the row (thin line) and column (thick line) detection functions are
given at the top graph of Fig. 3.18.

We can see that the behaviour of the row functions is totally different from
that of the column functions. While the row detection function varies smoothly
(this corresponds to its canonical behaviour in the case of stable separability for
nonperiodic series), the column function has ajump from almost zero at n = 320
toamost 1 at n = 321.
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Figure 3.17 Eigentriplerearrangemenanddimensiorincrease:H-matrix.
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Figure 3.18 Eigentriplerearrangementdetectionfunctionsandthetimeseries.

An additional analysis shows that this jump identifies the moment of the rear-
rangement of the order of the eigentriples which describe the series F( : " Bi1m
for m < 321 these series were described by the leading eigentriple, but starting
at m = 322 the two leading eigentriples describe the seriesF(Q) Bilm with only
the third one corresponding to F( ) ~B+1,m- Thus, the moment M of the eigen-
triple rearrangement is M = 322 (but strong separability is valid everywhere).

The mosaic structure of the top part of the H-matrix also has an explanation: for
m > M thechoicer = 1 corresponds to selection of only one of the two leading

eigentriples describing the series F( ) ~ By1.m- Wethus deal with the effect of the
dimension increase discussed in Sectlon 3.2.1in adifferent context.
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Thefollowing exampleissimilar to Example 3.14, but it has some peculiarities.

Example 3.15 Eigentriple rearrangement: conservation of dimension
Consider the time series Fiy with N = 400 and generd term f,, = A fr(f),
where

Y =10a7" cos(2rn/10),  f1?) = a™ cos(2mn/20),
a = 1.005. The series Fy is depicted in the bottom graph of Fig. 3.20.
360
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10 60 110 160 210 260 310 360

Figure 3.19 Eigentriple rearrangement and conservation of dimension: H-matrix.
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07 //

0.3

1 29 57 85 113 141 169 197 225 253 281 309 337 365 393

9.7
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1 29 57 85 113 141 169 197 225 253 281 309 337 365 393

Figure 3.20 Eigentriple rearrangement: detection functions and the time series.

The choice B = 39 and L = 20 provides weak separability of the subseries
FJ 5 and E), ;| for al i; moreover, both subseries are described by two
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eigentriples. Asabove, the series Fl(}f); and F1(2])3 are strongly separable. The series

Fl(lE), corresponds to two leading eigentriples (that is, » = 2 and I = {1,2}).

The heterogeneity matrix is depicted in Fig. 3.19 (the parameter is T = 20);
plots of the row (thin line) and the column (thick line) detection functions are
given in the top graph of Fig. 3.20.

These figures show two features that are different from what we have seen in
the previous example. Firgt, the big jump in the values of the column detection
function is not instantaneous; at the point m = 250 the function is almost zero,
and at m = 253 it is aimost one, but in the two points between, its values are
far from O and 1. Second, the rows in the top part (and the bottom part as well)
of the H-matrix are (theoretically) equal, but the values of the row heterogeneity
functionsincrease at the bottom and decrease at the top.

The first feature can be explained by the fact that the rearrangement of the
eigentriples is not instantaneous. Instead, there are two stages. Indeed, for m <
M =251 theseriesFr(nll B41.m Aredescribed by thefirst two eigentriples; starting
at m = 253 they are descri bed by the third and the fourth. For the two intermedi-
ate points (m = 251, 252) the series correspond to the eigentriples 2 and 4. (Note
that strong separability holds again.)

The second feature becomes clear aswell: sincewehaver = 2and I = {1,2},
but after the time when the eigentriple rearrangement is completed, the series
Fz(a 5 Is described by the two leading eigentriples; this means that the series
FZ(BF g, @e Fﬁl 5_1 just change places. The opposite behaviour of the row
heterogeneity functions is caused by the difference in behaviour of the nonperi-
odic series F](Vl) and FJ(VQ): thefirst of them tends to zero, while the second has an
increasing amplitude.

71 211 281 351

Figure 3.21 General deviation from stable separability: H-matrix.
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Finally, let us briefly illustrate the summary effect of both deviations from stable
separability.

Example 3.16 Generaldeviationfrom stableseparability

Consider the series Fiy with N = 400, general term f,, = ,(Ll) + fy(f) and

[ =10a"" cos(2mn/11),  f{*) = a" cos(2mn/20),

n

a = 1.005. The series Fy is depicted in the bottom graph of Fig. 3.22. Thus,
r=2and I = {1,2}. Let B = 100, L = T = 50. The resulting H-matrix is
depicted in Fig. 3.21; it looks like a slightly perturbed matrix of Fig. 3.19. The
detection functions are plotted in the top graph of Fig. 3.22 (the types of lines are
the same asin Fig. 3.20).
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Figure 3.22 General deviation: detection functions and the time series.
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Figure 3.23 General deviation: detection functions for large

Fig. 3.23 presents the row and column detection functions for the same val-
ues of B and L, but with T" = 69 (that is, the sums in the numerator and the
denominator in the definition of g;; use 20 L-lagged vectors rather than just one,
when T' = L). We can see that the increase of 7' does not remove the essential
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differences between the row and column detection functions, although it makes
the functions smoother.

Remark 3.3 Suppose that time series ") and F\?) are approximately (B, L)-
stably separable and the terms of the time series F(z) are essentialy smaller
than that of F(l) Then we have (i) al the elements of the heterogeneity ma-
trix have small values; and (ii) if the subseries Fl(er , of the time series F(l)
are described by a small number of the leading eigentriples in the SVD of the

L-trajectory matrices of the series F; ;+ g1, then the effect of the eigentriple re-
arrangement is small.

3.3.2 Heterogeneityn separableseries

Until now, we have assumed that the series FJ(V” is homogeneous. Our next prob-
lem is to discuss the case when it has intervals of heterogeneity. The heterogen-
eity matrix G is, as always, our main point of interest. The series F](Vl) and F](f)
themselves can be either stably separable on the homogeneity intervals or have
discrepancies from this ideal situation.

(a) Stableseparability

Suppose that the subseries F(lc)2 , of the series F(l) is a homogeneous series
governed by a minimal LRF of dimension » < Q. Then it can be continued with
the help of this LRF up to the time N. Let us denote by F](Vl) the result of this
continuation.

Let Q) be the change-point for the series F](\,l) . We consider the heterogeneities
of the types described in Section 3.2.

As in the previous section, the series F ) and F(Q) are related to each other.
More precisely, we assume that the series F](Vl) and FJ(VQ) are (B, L)-stably separa-
ble under the choice of proper parameters . < B < Q. In other words, the series
FL(ﬂB ;and F‘i(j},-B—l arestably L-separableforali=1,...,N - B +1,and
for any i in the SVD of the L-trajectory matrix of the series

o def (1) 2)

(
Fiai"l‘B 1 = i,i+B—1 + F7, i+B—1

the subseries Ffﬂr 5 1S described by r eigentriples with the indices in a fixed

ﬁ]—(ll, Zr)

This means, in particular, that » < L and theserlestllB , and Fz ip_ are

(B, L)-stably separablefor al : < @ — B. Note that generally we do not assume
any separability of the series Fi(,QO—B—l and FSLB L fori > @ + S. Formally,

this situation differs from that of Section 3.2 in that here the series F](VQ) isnot a
Zero series.
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In accordance with our assumptions, for any 7" and asingle heterogeneity of the
series F](Vl) , the H-matrix must generally have the same structure as in the case of

the zero series F](Vz) . Thismatrix consists of the heterogeneity cross corresponding
to the transition period [Q, Q + S], and four blocks (see Fig. 3.2): block A refers
tothe series ' o1, block D —tothe series g, 5, v, and blocks B3 and C describe
the relations between these series.

The main difference is that the block 4 is not a zero block in this case and
also the other blocks may have a more complex structure than in the case of Sec-
tion 3.2.

L et us describe some general features of the heterogeneity matrices correspond-
ing to the series under consideration.

1. Since the block .A corresponds to the series £ g1, which is a sum of sta-
bly separable homogeneous series, this block has the same structure as the
H-matrices of stably separable series discussed in Section 3.3.1.

More precisely, the elements g;; of the heterogeneity matrix G have the form
(315 fori < @ — Bandj < @ — T. Inparticular, each column of the block
A consists of equal elements.

2. The row heterogeneity functions H}J?T 41 (in other words, the rows of the
matrix G) coincide for ¢ < @ — B. Thisis caused by the coincidence of the
base spaces S(I)Lg) for thisrange of <. In particular, all the columns of the block
C consist of equal elements.

3. Ifboth F")_, and F{%)_, are periodic series, then all the elements g;; in the
block A are equal. Otherwise the block A has an equal-row structure similar
to that of Fig. 3.14.

4. If the heterogeneity is temporary, then the matrix is cross-structured; the het-
erogeneity cross is located either on a constant background (for the periodic
series) or on an equal-row background.

The elements g;; of the matrix G have the form (3.15) in al four blocks.
5. Inthe case of permanent heterogeneity, thereisno general rulefor the elements

in the blocks 15, C and D. Moreover, these elements can be both larger or
smaller than the elements of the block A.

6. If the series F{?) is sufficiently small, then the entire classification of Sec-
tion 3.2.1 isvalid. The difference is that all zero blocks of Examples 3.1-3.7
now correspond to blocks with small g;; (see Remark 3.3).

Summarizing these considerations, we can state that, in general, the problem of
finding and identifying heterogeneitiesin the seriesF](Vl) under the influence of an

addend FJ(VQ) (which is stably separable until a change-point) is more complex in
view of the nonzero background in the heterogeneity matrix G. However, in some
cases (for example, inthe case of temporary heterogeneity in periodic seriesand in
the case of small F](f)) this matrix gives agood description of the entire situation.

Copyright © 2001 CRC Press, LLC



Remark 3.4 The case when the whole series F )is homogeneous and the het-
erogeneity occurs in the series FJ(V) does not need a specia study. Indeed, this
corresponds (up to are-indexation of both series) to the case when we take I for
the set of eigentriples describing Fl(ll p_, rather than FZ(BF g_1- Then the ele-
ments g of the new heterogeneity matrix G’ relate to the elements ¢;; of G via

the equallty gi; = 1 — gij. Thus, the matrix G’ is complementary to G.

Now let us consider two examples, the first one relating to a harmonic series
with permanent heterogeneity and the second one describing a nonperiodic situa-
tion with atemporary heterogeneity.

Example 3.17 Permanent violation in a component of a periodic series
Consider the series Fyy = F\") + F{?) with
f(l) _ [ sin(2mn/3) forn <Q -1,
" sin(2rn/4) forn >Q —1,
(%) = 0.5sin(27mn/5),

where N = 100, Q = 51 Thus, we have a permanent violation in the harmonic
series F{”; the series F?) is also harmonic.

37 51

Figure 3.24 Permanent violation in a component of a periodical series: H-matrix.

Take B =29, T =L =15.Since L and K = B — L + 1 are proportional
to 3 (period of the first series up to the change-point Q) and 5 (period of the
second series), it follows that the SVD of any subseries F; ;4 g1 of the series
F},g—1 provides weak separability of the series F\}) ;| and F3) ,_,. Since
the amplitudes of both series differ, the separation is a strong one. In addition, the
first two eigentriples of the SVD of the L-tragjectory matrix of the series F; ;1 p_1

correspond to the series Fﬁl 5_1, the third and fourth eigentriples describe the

Copyright © 2001 CRC Press, LLC



seriesFi(le_l. Thus, » = 2 and I = {1, 2}. Fig. 3.24 shows the corresponding
H-matrix.

The matrix issimilar to that of Example 3.1, where FJ(\,Q) isthe zero series. The
range of elements of the H-matrix is approximately [0.02, 0.27].

Example 3.18 Temporaryviolationin a componenof a nonperiodicseries
This example shows the form of a typical heterogeneity matrix in the case of
nonperiodic series FJ(V” and FJ(V2) and atemporary violation in FJ(V”.

Consider the series F](Vl) with general term

P 10 =" cos(2mn/10) forn<@—1,
mo | 10a ™ cos(2mn/10+ @) forn > Q —1,

and the series FI(\,Q) with f,(f) = a". The parameters are N = 150, Q = 100,
a = 1.005 and ¢ = /4. The seriesis depicted in the bottom graph of Fig. 3.26.

100

62

81 100

Figure 3.25 Temporary violation in a component of a nonperiodic series: H-matrix.

Thus, we deal with the change in the phase of the exponential-cosine series
FI(\,l) . Thisisthe case of atemporary violation.

If wetake B = 39, L = 20, r = 2 and I = {1, 2}, then we can see that the
series FZ(BF 5, and Fﬁl 5, arestably separable up to the change-point.

The heterogeneity matrix for the case T' = L is presented at Fig. 3.25. The
‘cross structure’ of the matrix is apparent, though less distinct in view of the
nonconstant background, typical for the nonperiodic situation.

Fig. 3.26 depicts the column (thick line) and row (thin line) detection functions

corresponding to the heterogeneity matrix of Fig. 3.25.
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Figure 3.26 Temporaryviolation: detectionfunctionsandthetime series.

(b) Deviationsfrom stableseparability

Let us now give examples of H-matrices corresponding both to heterogeneity and
deviations from stable separability of the series F(l) O-1r F(z) 1- The case of the
eigentriple rearrangement has been illustrated in the prevlous %ctlon therefore,
we do not treat this deviation separately but restrict ourselves to approximate se-
parability and the general case of this deviation.

102 201

Figure 3.27 Heterogeneounroisyperiodicity: H-matrix.

Example 3.19 Permanentiolationin a harmonicsignal corruptedby noise
Let us add Gaussian white noise with variance 0.04 to the series of Example 3.1
(the parameters stay the same).
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Since the noise isrelatively small, and the parameters B and L are sufficiently
large, the series of Example 3.1 (in our terminology, the series F](Vl)) iS approx-
imately weakly separated from the noise series (that is, from F](VQ)) on the time
interval [1,Q — 1], @ = 201. The eigentriples are not rearranged for the same
reason.

The H-matrix and detection functions are shown in Figs. 3.27 and 3.28, respec-
tively. The detection functions (row, diagonal, and symmetric) are depicted in the
manner of Fig. 3.4.

100 150 200 250 300 350 400

AT
LU EALVRR AR

100 150 200 250 300 350 400

(=1

Figure 3.28 Heterogeneouroisyperiodicity: detectionfunctionsandthetime series.

Since in this example we have a permanent violation of the signal with conser-
vation of dimension and the noise is small, it is not surprising that the matrix of
Fig. 3.27 has generally the same structure as the matrix of Fig. 3.3.

Fig. 3.28 shows that the symmetric detection function (thin line) can easily fail
to detect a structural change in the presence of noise.

Let us now consider the general deviation from stable separability.

Example 3.20 Generaldeviationfrom stableseparability
This example corresponds to the case when the heterogeneity occursin the series

FI(\}), but the set I of the chosen eigentriples (approximately) describes the initial

part of the seri&sF](\,z). Inview of Remark 3.4, thisis not an essential modification,
but it makes the figures clearer for interpretation.

Thus, we teke F](\?) = FJ(VQ’” + F](VQ’Q), where F](\,Q’l) has the general term
20 =10a7" cos(2mn,/20)

and the series FJ(\,2’2) is the standard Gaussian white noise series.
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The series Fj(vl) has the form

£ a™cos(2mn/10) forn < @ —1,
n ] a™cos(27n/7) forn>Q —1,

with N = 400, @ = 301 and a = 1.006. The series Fy is plotted in Fig. 3.30
(bottom graph).

The series (") has a permanent violation and the series F\>) has a noise com-

ponent. On the other hand, if we consider the sum of the serl&F(l) L HFEEY

then we come to the situation of eigentriple rearrangement, WhICh issimilar to
that of Example 3.15.

351
301
251
201
151
101

51

1

1 51 101 151 201 251 301 351

Figure 3.29 General deviation: H-matrix.

If wetake B = 39, L = 20, then for m < M = 210 the series Fr(nllB—Q—l,m

and sz 1}3 +1.m are stably separable, and the second of them is described by the
two leading e|gentripl es. The eigentriple rearrangement takes place during three
successive moments of time, and then the series becomes stably separable again,
with a permutation of their eigentriple numbers.

As a result, we have both types of deviations from stable separability and a
permanent heterogeneity.

The heterogeneity matrix isdepicted in Fig. 3.29. The parameters of the matrix
ae B = T = 39. The window length L is equal to 20. The choice r =2

and I = {1, 2} provides the (approximate) stable separability of F; ”+B , and

Fz(fzr 4 for small 4. Let us discuss the structure of this heterogeneity matrix.

Three light rectangles can be seen close to the matrix main diagonal. The bot-
tom left rectangle corresponds to the subseries preceding theinterval of the eigen-
triple rearrangement. (Note that due to the noise influence, this interval is rather

large.) Thetop right rectangle indicates the part of the series that follows the het-
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erogeneity interval. The middle one describes the period between the end of the
eigentriple rearrangement and the beginning of the heterogeneity interval.

Small values of the heterogeneity indices g;; in these rectangles can be ex-
plained by (approximate) weak separability and by the fact that the subseries that
are approximately described by the third and fourth eigentriples are relatively
small at these ‘nonpermuted’ time intervals.

If we would consider the series only after the rearrangement period, then the
heterogeneity matrix will be represented by the top right matrix rectangle of
Fig. 3.29, including two light and two dark rectangles. This part of the matrix
is similar to the matrix of Example 3.19 (see Fig. 3.27).
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Figure 3.30 Generaldeviation:detectionfunctionsandthetimeseries.

Thetop graph of Fig. 3.30 contains two heterogeneity functions, corresponding
to the 240th row and the 240th column of the matrix. Both heterogeneity functions
are depicted in the manner of detection functionsin order to aign them with the
moments of the rearrangement and the change-point (see Section 3.1.2). We can
see that both the row (thin line) and column (thick line) heterogeneity functions
perfectly indicate the change-point. Asfor the moment of rearrangement, the col-
umn function shows arapid decrease there, while the row one continues to behave
as aslowly decreasing function.

Thesubseries F; ;+ 51, corresponding to the 240th row heterogeneity function
ismarked at the bottom graph of Fig. 3.30 by two vertical lines.

Note that if we were to use the standard row and column detection functions,
corresponding to the first row and the first column of the heterogeneity matrix,
then we should miss the change-point because of the nonconstant background het-
erogeneity indices g;; appearing after the eigentriple rearrangement. As regards
the rearrangement itself, the column detection function indicatesit well, while the
row one fails once again.
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Note aso that if we were to choose the four leading eigentriples instead of
two, that is if we wereto taker = 4 and I = {1, 2, 3,4}, then the eigentriple
rearrangement would have no influence on the heterogeneity matrix, and therefore
the heterogeneity of the serieswill be seen much more clearly. The corresponding
meatrix is depicted in Fig. 3.31.

351
301
251
201
151
101

51

1

1 51 101 151 201 251 301 351

Figure 3.31 Thechoicer = 4: eigentriplerearrangements notindicated.

3.4 Choice of detection parameters

Asaways, we consider the series Fiy = Fj(vl) + F](VQ) .

Let us assume that the series FJ(V” is homogeneous within the time intervals
1,Q1 — 1], [Q1 + S1,Q2 —1],...,[Q; + S;, N], but we do not have information
about the number [ of change-points and the parameters Q;, S;. (In particular, it
ispossiblethat @, = N + 1 and thereis no heterogeneity at all.)

Then we have several problems to be solved. First, our aim is to determine
whether aviolation of homogeneity did actually occur; if it did, then we haveto

— find the number of change-points;
— find their location (that is, to determine parameters @Q; and S;);
— classify each heterogeneity in the manner of Section 3.2.1.

Here we make several remarks that may help in making the appropriate deci-
sions. We mostly concentrate on the situation when the search for heterogeneities
begins at theinitial part of the series (forward search).

Let us describe the choice of parameters and interpretation of the detection
results for different classes of time series. We begin with the simplest situation
and then move to more and more complicated ones.
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3.4.1 Singleheterogeneity

Detection of a single heterogeneity is the basis for general detection. It helps
to understand the peculiarities of multiple heterogeneity. However, even in the
case of detection of a single heterogeneity, we have both simple and complicated
situations. Let us start with the ‘ideal’ case.

(a) The'ideal’ detection

The clearest situation is when FI(VQ) is the zero series. In this case we deal with a
singleseriest(\,l) = Fy and assume that there exists Q' < N such that the series
Fy o/—1 isahomogeneous series, and the dimension d of itsminimal LRF isless
than ' /2 (see Sections 3.1 and 3.2 for the full description). By definition, the
maximal Q' coincides with Q.

Let us choose the proper parameters B and L. (According to our assumptions,
any B > 2d and L suchthat d < min(L, B — L 4 1) will suffice.)

If we take any subseries F; ;. p—1, suchthat ¢ < @ — B, and consider the SVD
of its L-trajectory matrix, then for some r all the eigenvalues A with s > r are
equal to zero. Therefore, weteke I = {1,2,...,r}. Evidently, r = d.

Inthis‘ideal’ situation, the nonzero elements of the H-matrix indicate the exi-
stence of some heterogeneity in the series. A classification of the types of hetero-
geneity is presented in Section 3.2.1. This classification alows us to character-
ize permanent and temporary heterogeneities. It also helps to understand differ-
ences in H-matrices depending on the dimensions of the LRFs before and after
the change-point.

(b) NonzeroFI(VQ) . identification

If F](Vz) is not the zero series, then the problem of the choice of the detection
parameters is more difficult. In particular, the representation

Fy=F{ +F? (3.18)

is fundamental in theory in view of the different roles of both seriesin the detec-
tion problems. (For instance, F](VZ) isusually regarded as a noise series.)

In practice, however, we deal with the entire series Fy and the difference be-
tween FJ(\,” and F](Vz) becomes relative. Thus, the practical problem of identifying
the terms in the sum (3.18) arises; we assume that the representation (3.18) does
hold, but we do not know the addends.

Let us assume that the parameters B and L are selected in such away that the
subseries Fﬁzr 5, and Fl(fzr 5_, are (approximately) stably separable for some
(maximal) range 1 < 7 < @' — B of . Then the difference between F](Vl) and F](\?)
can been explained as follows (see also Remark 3.4).
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1. We assume that the series F1(,1c)g/ _, ishomogeneous.

2. The chosen set I of eigentriples corresponds to the subseries Y of

i,i+B—1

theseri&Ff}c)),_l forali=1,...,Q" — B;asarule, itisaset of severa
leading eigentriples.

3. The heterogeneity under detection is assumed to happen at the series FI(V”.

Let us turn now to the identification problem. By our assumptions, for the se-
lected B and L certain eigentriples (the samefor al ¢) of the tragjectory matrices of
the subseries F; ;1 p—1 (1 < Q' — B) are stably interpretable as (approximately)
describing subseries of the same homogeneous series.

Then, until the moment of time @’ the series F](Vl) is (approximately) identified
by the obtained set I of the eigentriples; we thus have the detection parameters r
and 1. Remark 3.4 yields that we do not need to know at which series the hetero-
geneity actually happens, whether it isF](Vl) or itsresidual.

Formally, we have theinequality Q' < Q. Since (Q isthefirst change-point, the
‘ideal’ caseisthe equality Q' = Q. However, in practice the inequality Q' < Q
ismore realistic. Thisis due to various deviations from stable separability which
may happen before the moment Q. In the situation of the eigentriple rearrange-
ment we may get Q' = M, where M is the time that the rearrangement occurs;
deviations from weak separability may also lead to the inequality Q' < Q.

The identification procedure can easily be performed in some cases, and it is
difficult in others. Moreover, for certain Fy no suitable parameters Q' > 1, B
and L can be found.

However, there is a situation when the described procedure is valid with Q' ~
Q. Thisisthe case of small noisy-like F](VQ).

(c) Smallnoisy-likeF\?)

In view of Remark 3.3 the case of small noisy-like FJ(V2) is similar to the ‘ideal’
case of the zero series F](Vz). A natural example of this situation is the problem
of the change-point detection in a homogeneous signal Fj(vl) in the presence of a
small noise F](\?). Let us consider this example.

To obtain (approximate) separability of the series Y and Fl(f)+ 5 until

ii+B—1
the change-point, we must take a relatively large B. (Though it must not to be

larger than the expected value of ).)

Concerning the choice of L, we can take it approximately equal to B/2 (see
Section 1.6 for details of the parameter choice for separation).

Since the series F](VQ) issmall enough and in view of the (approximate) separa-
bility obtained, several r leading singular values produced by the series F; ;1 g1
must be large enough and describe the series Fﬁl 51, While the other singular
values are expected to be small. Thus, an abrupt decrease of the singular values,
placed in order of decrease of their magnitudes, may help in finding the number »
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andtheset I = {1,2,...,r}. Theother (and even more important) method is the
eigenvector analysis, which was thoroughly described in Chapter 1.

If the parameters are chosen in a proper way, then the corresponding hetero-
geneity matrix has small elementsin the |eft bottom block A (see Fig. 3.2).

For example, if F')_, is aharmonic with amplitude C and F{?’ is a white
noise series with variance o2, then asymptotically in N and other parameters, the
elements of the block A are closeto o2 /(0.5C? + o2); see Example 3.13.

If 02 < (2, then the block A is zero-like. The values of the heterogeneity
indices for the other blocks depend on the type of heterogeneity.

Evidently, the case of noisy-like F](V2) is not the only simple case of hetero-

geneity detection. Generally, FJ(\,Q) should be a ‘small’ series and there ought to

exist parameters B, L providing (approximate) stable separability of the subseries
F{} s and F2, .| uptoapoint Q' ~ Q. Thisisthe case of Example 3.17.
However, there is no general rule for the choice of B and L in all ‘simple’ situa-
tions.

As aresult, if the detection is performed in a situation close to ‘ideal’, then
large values of the heterogeneity index indicate a heterogeneity, and the general
form of the H-matrix can help to identify both the change-point and the type of

the heterogeneity.

(d) GeneraIFfVQ)

By choosing the eigentriples for FJ(\}) we are trying to obtain good separability
features and to collect al stable eigentriples with relatively large singular values
to describe FI(V” until the moment of time Q’. Since Q' dependson B, L, r and
I; in practice we try to obtain Q' aslarge as we can.

If the time series FJ(VQ) is noisy-like and small (large signal/noise ratio), these
goals can often be realized at least for large N. In particular, we can obtain the
equality Q' = Q. In the case of the general F(Q), the goals may contradict. We,
however, have to try our best to satisfy these goals, paying primary attention to
the value of Q’.

Examples of this situation are described in Section 3.3.2. For instance, in Ex-
ample 3.20 we have that for r = 2 and I = {1,2} the moment of time Q’
corresponds to the eigentriple rearrangement moment M = 210, whilethe choice
r=4and I ={1,2,3,4} givesQ’' =~ Q = 301.

It follows from these examples that the detection problem is complicated in
view of the possibility that the detection background (that is, block .4) may con-
tain large elements in certain columns. If separability is approximate, then the
equal-row background is perturbed, and it is difficult to recognize a possible het-
erogeneity on the perturbed nonconstant background.

Moreover, if the entire series is generally increasing or decreasing, then the
detection background also varies in a monotone manner, and the heterogeneity
recognition is even more complicated.
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3.4.2 Detectionfunctions

L et us make severa remarks concerning the interpretation of the behaviour of the
detection functions (see Section 3.1.2 for their formal definition), which is useful
in the case of forward detection.

1. As arule, the row detection function is best if we want to detect the first
change-point of the series. In the ideal situation, the change-point coincides
with the first point of sharp increase of this function.

2. In principle, the diagonal detection function may indicate change-points more
clearly than the other ones if a sharp heterogeneity takes place on the back-
ground of a slowly varying structure of the time series. On the other hand, its
use can be inconvenient since a single heterogeneity may give rise to severa
sharp peaks on the plot of the diagonal function.

3. The symmetric detection function has bad detection power. Even so, it isuseful
since it characterizes the local description of the series Fiy by a fixed set of
eigentriples.

4. The column detection function is, as a rule, a weaker detector of the hetero-
geneity than the row one; however, it is often informative when we try to dis-
tinguish the heterogeneity from the eigentriple rearrangement.

The difference between the row and column detection functionsis a good in-
dicator of the true heterogeneity. If the column function has a sharp increase
and the row function is slowly varying, then we have an argument that we are
dealing with the eigentriple rearrangement.

3.4.3 Multiple heterogeneity

Until now we have discussed the case of a single heterogeneity and its forward
detection. This means that we were looking for a single change-point (and its
heterogeneity type), starting at the initial subseries F; p of the time series Fy.
Let us make several remarks concerning the specifics of general heterogeneity
detection, when both suppositions are not assumed.

For smplicity we deal only with the case of zero series F](\,Q). In particular, this
means that the set I isalways of thekind {1, ..., r} for certain r.

The case of small noisy-like F](VQ) is analogous. As usual, other FJ(V2) may Ssig-
nificantly complicate the detection problem.

1. Since the selection of the eigentriples (that is, the choice of the set I) is typi-
cally performed by analyzing a single base subseries F; ;1 g1 (we call it the
starting base subserigsf the time series Fy, the corresponding H-matrix is
adapted to detect heterogeneities relative to this base subseries. If we do not
deal with the forward detection, then the starting base subseries can differ from
Fy p. For example, the backward H-matrix can essentially differ from the for-
ward one due to the difference between their base eigentriple sets.
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2. If all the homogeneity intervals of the series Fiy have the same difference
dimension r (equal to that of their minimal LRFs), then the H-matrix does not
depend on the choice of the starting base subseries belonging to the intervals
of homogeneity.

3. If the difference dimensions are different, then we generally cannot take a sin-
gle starting base subseries for the entire series Fy and therefore cannot get a
single H-matrix of asimple and understandable structure.

If the sequential difference dimensions are decreasing (increasing), then the
forward (backward) detection would give the entire picture. For instance, to
understand the type of the heterogeneity of Example 3.4, it would be useful
to apply the backward H-matrix with » = 4, which for appropriate values of
parameters has aform similar to that of the matrix of Fig. 3.3.

4. Inthe genera case, it isuseful to search sequentially for the change-points and
heterogeneities. This can be done as follows.

Starting, for instance, with the forward detection, we choose the parameters
B and L, teke F' p as a starting base subseries, select the base set of the
eigentriples, and obtain (at least approximately) the interval [Q1, Q1 + Si]
of the first heterogeneity with the help of the (forward) H-matrix. Then we
take the second homogeneous interval of the series and produce the second
H-matrix, and so on until the end of the seriesis reached. The collection of H-
matrices obtained in thisway would give the entire description of the situation.

5. Therow and column detection functions can be used at each step of the sequen-
tial detection procedure in the usua way. The use of the diagonal detection
functions should be done with care; these functions give adequate information
only while searching for the first forward heterogeneity. At subsequent steps,
the straightforward use of all the sharp peaks of the diagonal detection function
may |lead to misinterpretations.

3.4.4 Heterogeneities in trends and periodicities

L et us consider two separate problems related to heterogeneity detection in trends
and periodicities.

(a) Trends

In accordance with our definition, the trend of the seriesis associated with itslow-
frequency (but nonperiodic) component. To separate it from the other components
of all theseries F; ;. 51 with the help of astable set of eigentriples, we must take
arelatively small B. The choice of the window length L depends on the concrete
series and should be made so that the best separation is achieved.

Under these conditions, asufficiently largetrend is described by the single lead-
ing eigentriple of SVD of thetrajectory matrix of the series F; ;+ p_1. (Otherwise,
if the trend is not large enough, we can add a constant to the initial series.)

Copyright © 2001 CRC Press, LLC



Therefore, the seriesﬁ,wr B—1, reconstructed from the leading eigentriple, must
be similar to the exponential series with some rate «;, that is to the series of the
form g, = c;e®™ withsomec; andn =i —1,...,i+ B — 2. If thetrend isthe
exponential-like series on some time interval, the corresponding rates «; (and ¢;)
are amost equal to each other. (Note that any reasonable monotone series can be
locally approximated by some exponential series.)

On time intervals where the trend changes its behaviour, the rates also change,
and we come to the case of (approximate) permanent violations in the piecewise
exponential series. Therefore, sharp changes in the trend behaviour will be de-
tected via the increase of the detection functions.

Let us now turn to the structure of the H-matrix detecting changes in trend.

As was mentioned above, a single permanent heterogeneity does not change
the dimension of the series and is characterized by small values of the heterogen-
eity index in blocks A and D (see Examples 3.1, 3.17 and 3.19). Thus, we can
expect that al the rectangles along the main diagonal of the H-matrix have small
elements.

Besides, computational experiments show that, asarule, other blocks of homo-
geneity (for the case of a single heterogeneity, these are the blocks B and C) of
the H-matrix also have small elements.

This effect can be explained by the specific nature of the H-matrices corres-
ponding to relatively small variationsin the rate of the exponential series. Indeed,
even large changes in trend behaviour correspond to relatively small changes in
the exponentia rate (say, from 0.005 to 0.01). Therefore, despite the fact that
the heterogeneity under consideration is of a permanent type, the heterogeneity
matrix is going to be ‘ cross-structured’.

(b) Periodicities

Let us assume that we deal with the forward heterogeneity detection in a series
Fny = FI(\,1 ) 4 FJ(VQ), and the component FJ(V” of the series is homogeneous until
time Q. We also assume that Fy = Gg\l,) + GE@), where GE\}) (the signd) is a
periodic series until time ¢ and Gg\?) isasmall noise (as earlier, thisis assumed
for simplicity).

Since F](vl) is a homogeneous series, it is a component of G%), and the (first)
heterogeneity occurs in one or several harmonic components of the series Gg\}).
Our aim isto discuss the choice of parameters in the manner of Section 3.4.1.

In view of the periodic feature of the signal, the detection parameters B, L and
T ought to be proportional to the period of the series Gg\l,) . Thus, we can hope that
the harmonic components of the signal are (approximately) separated from each
other (and from the noise) inthe SVD of the L-trajectory matrices of the subseries
F7;71'+B,1 foral: < Q/ — B=x Q — B.

By collecting the leading harmonic components with stable eigentriple num-

bers we build G(ﬁé,_l. If we wish, we can assume that FJ(VD = Gﬁ\}). Otherwise,
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we reduce the set of chosen stable eigentriples determining Fl(vl). At any rate, at
least the block A of the heterogeneity matrix will consist of approximately equal
elements.

If, additionally, the series F'y has atrend component and we do not look for its
heterogeneities, then it would be better to extract the trend (say, with the help of
Basic SSA) and perform heterogeneity detection for the detrended series.

3.4.5 Roleof parameterT’

Generally, the detection parameter 7' is a smoothing parameter. Small values of T
imply both alarge contrast in the detection and a high sensitivity to small pertur-
bations of the series. By enlarging 7', we reduce the contrast between small and
large values of the detection functions and make these functions smoother.

The minimal value of T isT"= L. This corresponds to the case of a single ad-
dend in both the numerator and denominator of the formula (3.1), which defines
the heterogeneity index. In the general case, the number of addends in (3.1) is
T—L+1.

If we deal with periodic series, then there are additional constraints for choos-
ing proper values of parameter T'. In this case, as was explained in the previous
subsection, a properly chosen T' must be proportional to the period of the series.

3.5 Additional detection characteristics

Various additional detection characteristics can help to identify and interpret het-
erogeneitiesin time series. Let us discuss three groups of these characteristics.

Thefirst group of characteristicsis based on the so-called renormalized hetero-
geneity matrices (and the corresponding detection functions). Renormalization
can help, for example, when we deal with monotone series or its monotone com-
ponents.

The second group (a collection of polynomial root functions) is related to the
variationsin linear spaces ngg ). The third group (characteristics associated with
the moving periodograms) describes changesin the spectral structure of theinitial
seriesin time.

3.5.1 Renormalized heterogeneity matrices

The normalization of the heterogeneity index, produced by the denominator in
the formula (3.1), is natural; indeed, the range of the index is [0, 1], and the ex-
treme values 0 and 1 indicate the opposite situations: pure homogeneity and pure
heterogeneity (see examplesin Section 3.2.1).

However, in some cases this normalization can be a disadvantage. Let us dis-
cuss the problem by the example of the row detection functions.

Assume that the seriesis positive and monotone increasing. Then the denomin-
ator of the row detection function — see (3.4) and (3.1) —increases aswell. There-

Copyright © 2001 CRC Press, LLC



fore, the heterogeneity index of the last part of the series is generally smaller
than the analogous index for the initial interval of the series only because of the
increase of the entire series.

This effect has two unpleasant consequences:

1. The background for the detection is nonconstant (see Example 3.9). This
produces difficulties in identification of possible heterogeneities.

2. Two ‘equivalent’ heterogeneities occurring at the beginning and at the end
of the series will produce different (in absolute scale) increases of the het-
erogeneity characteristics. Thus, we shall not be able to compare the het-
erogeneities by their ‘ power’.

To avoid these difficulties, we can denormalize the heterogeneity index by omit-
ting the denominator in the formula (3.1). However, it is more convenient to have
adenominator (not depending on 5) in the definition of thisindex. Thus, we define
the renormalizecheterogeneityndexby

T—-L+1

T-L+1L L+1 Z aist? (X1, £4'5")
517 : (319)

N Z 1
k=0

where B, L, T', r and I are fixed detection parameters and X, ; are the L-lagged
vectors of the series F; ;1 7—1. In this definition, we use the squared sum of all
the elements of the series Fy as the denominator and take averaging coefficients
in agreement with the total number of the terms of the seriesin all the sums.

Let us explain the features of this renormalization via the following example.

Example 3.21 Renormalizedheterogeneityndices

Consider atime series Fy = F(l) F](Vz) with two temporary heterogeneities of
the ‘outlier’ type (see Example3 7). To describe Fy, we start with the time series
Fy = F3Y + FY? where

b = 24" a =1.008,

and fp, (2) js Gaussian white noise with zero mean and unit variance.

Let temporary violations be caused by local shifts of the series F,. That is,
let f,, and f coincide for al n except the time intervals 100 < n < 104 and
300 < n < 304, where f,, = f + 5. Theinitial seriesis depicted in the bottom
graph of Fig. 3.32.

Asusual, we cannot formally determine which one of the two series, either the
signa F( B or noise F( 2 is affected by this shift. For definiteness, we apply

the shiftsto F{Y.

Let B=60,L =30,r=1,1 = {1} andT = 39. Thetop graph of Fig. 3.32
shows the row (thin line) and column (thick line) detection functions correspond-
ing to the standard heterogeneity matrix G.
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Figure 3.32 Renormalization: standard detection functions and the time series.
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Figure 3.33 Renormalization: renormalized detection functions.

The row detection function clearly shows the first change-point, but since the
signal increases, it poorly indicates the second one. It can be checked that the
(absolute) perturbations of the row detection function caused by the second het-
erogeneity and the random fluctuation occurred around the time 170 are approxi-
mately equal.

Unlike the case depicted in Fig. 3.32, the row detection function correspond-
ing to the renormalized heterogeneity matrix G (thin line in Fig. 3.33) properly
reflects the situation. Two peaks of the row function have approximately equal
values; thisisin agreement with the equality of the shiftsfor the unperturbed time
series.

The behaviour of the renormalized column detection function (Fig. 3.33, thick
line) is generally similar to that of the standard column function.

Remark 3.5 If the heterogeneity occursin a stationary time series (especialy if
the seriesis awhite noise) and means a change in its amplitude, then the standard
heterogeneity index defined by (3.2) and (3.1) may have no sense.
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Indeed, since the noise is generally ‘structureless’, there are no stable eigen-
triples determining the base spaces £(L 2 . Therefore, the only reasonable version

of ngB‘) isthe zero space Eé ) correspondingtor = 0 and I = @

This choice leads to g;; = 1 implying that the standard heterogeneity index is
meaningless. By contrast, the renormalized heterogeneity index defined in (3.19)
can be very useful in detection of change-points in the variance of the noise.

3.5.2 Rootsof characteristicpolynomials

When considering the heterogeneity matrices, we relate the lagged vectors of the

test subseries F; ;1 r—1 and the base linear spaces E(L 2 generated by the base
subseries F; ;4 g1 of the series Fly.

It may also be reasonable to study the sequence of spaces S(L 2 irrespectively
of the other objects. Such astudy may be useful for several purposes For example,

1. The problem of the eigentriple rearrangement (see Section 3.3) is formu-
lated in terms of the base subseries, rather than in terms of the test subseries.
By definition, the spaces 2 (L 1) relate to the base subseries of the series Fly
and reflect their important properti&s.

2. Since heterogeneities usually affect the base spaces 2%&” , these spaces can

help in studying the nature of heterogeneities.

Note that the symmetric heterogeneity function describes the spaces £§LB’ ) only
as the approximation spaces. Therefore, this function is not very informative in
view of its low sensitivity to different heterogeneities. The root functions of the
characteristic polynomial seem to be preferable for the purpose of monitoring the
homogeneity of the series.

Let s,ﬁg’ be acertain base space with fixed i < Q — B. In the case of stable
separability, £ , > ) is chosen as the trajectory space of a homogeneous additive
component FﬁlB , of theseries F; ;1 p_1.

Theorem 5.2 of Section 5.2 shows how to construct the L RF of dimension L —1,
which governsthe series Fz(llB . ThisLRFis'extracted’ from the space £(L ),
The roots of the characteristic polynom|a| of this LRF give essential |nf0rmat|on
concerning both the series FZ(ZZF 5 and the space S(L ),

Let d bethe difference dimension of the serlesFL 4 1 (evidently, d=card I).
Then, only d roots of the characteristic polynomlal affect the behaviour of the
series (asarule, they have maximal moduli); the other roots are extraneous.

When i varies, the LRFs obtained give adynamical description of the sequence
of subseries Fjg . and the associated linear spaces. All essential modifica-
tions of the spaces must be reflected in this description. These modifications can

be caused by the eigentriple rearrangements and other structural changes in the
series.

Copyright © 2001 CRC Press, LLC



In the case of approximate separability these considerationsarealso valid. Then
d, the number of selected main polynomial roots, has the sense of the difference
dimension of a certain series approximating the series Fi(,gthl :

Let us consider the characteristic polynomial of some LRF and assume for
simplicity that it does not have multiple roots. In accordance with the agreement
of Section 2.2.1, we describe a nonzero polynomial root with a modulus p in the
following way:

1. Every positive root has the representation (p, 0).

2. Every negative root is represented as (p, 1/2).

3. Every pair of complex conjugate roots has a representation (p,w), where

+27w aretheir polar angles (0 < w < 1/2).
For a fixed polynomial, the collection of pairs (p,w) is called the modulus-freg-
uencyrepresentatiorof the polynomial roots.

Note that every pair (p,w), w € [0,1/2], corresponds to a separate real (expo-
nential-cosine) additive component of the series governed by the LRF. (This com-
ponent is equal to Ap™ cos(2mwn + ¢) for some A and ¢.) Therefore, we do not
distinguish the conjugate roots from each other and treat them as a single object
with the representation (p, w). Evidently, the number of modulus-frequency root
representations does not exceed the degree of the polynomial.

Having a sequence of characteristic polynomials which correspond to the base
linear spaces £75,, we choose the number m of the module-root representations
to be investigated.

The selection procedure for m is as follows. Since the number r of eigentriples
isaready chosen, we take the number d of the main polynomial roots equal to r.
Then, analyzing the base subseries F; p (we are describing the forward detection)
and perhaps some other base subseries F; ;. g1, we understand whether these d
roots are real or complex and thus obtain the number m.

Having obtained a collection of polynomial root representations, we arrange
them in order of decreasing moduli. Thus, we come to m two-dimensional piece-
wise linear curves with nodes (p;,w;) on the modulus-frequency plane (i =
1,..., N — B + 1). Evidently, the curves may intersect and produce an unclear
picture.

To make the situation clearer, we reorder the root representations in the follow-
ing manner. For fixed i we arrange the selected m leading root representationsin
order of decreasing frequencies. Then we have m root-frequencyfunctionswith
nonintersecting plots and m root-modulusfunctions which are generally not or-
dered with respect to their values.

Abrupt changes in the behaviour of the root-frequency and the root-modulus
functions can give alot of information concerning the behaviour of the series Fly .
Let us consider an example.

Example 3.22 Root functions
Consider the time series described in Example 3.20. The choicer = 2and I =
{1,2} gives us two violations: the eigentriple rearrangement and a permanent
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heterogeneity. They divide the entire time interval into three parts (homogeneity
intervals).

Since for any ¢ the two leading polynomia roots are complex conjugate and
correspond to a single harmonic approximating the series FZ(Br p_1 they givea
single modulus-frequency representation (p;,w;) and therefore produce a single
root-modulus function and a single root-frequency function.

Fig. 3.34 depicts the root-modul us function (top graph) and the root-frequency
function (bottom graph). Note that in what follows, the terms of the root func-
tions are indexed in the same manner as the detection functions to simplify the
comparisons.

1.00 VW/‘\A [\'\.‘rkf\\ oSN M\

0.85 \\/

1 29 57 85 113 141 169 197 225 253 281 309 337 365 393

1/7 /

1/10 \\

1/20 ——
1 29 57 85 113 141 169 197 225 253 281 309 337 365 393

Figure 3.34 Rootfunctions:two leadingeigentriples.

The root functions give additional information to Figs. 3.29 and 3.30. The
root-modulus and root-frequency functions correspond to the series component
F](\,Q’l) on the first homogeneity interval. Then the root-modulus function oscil-
lates around the constant 1/a = 0.994, and the values of the root-frequency func-
tion are approximately equal to 1/20.

On the second and third homogeneity intervals these functions correspond to
the series component FJ(\,D . Therefore, the root-modul us function oscill ates around
the constant « = 1.006, and the values of the root-frequency function are close to
1/10in front of the second heterogeneity interval and are close to 1/7 behind it.

Fig. 3.34 (as well as the moving periodograms of Example 3.23) demonstrates
the difference between the eigentriple rearrangement (sharp alternation of the fre-
quency) and the true change-point (smooth transitionfromw = 1/10tow = 1/7).

A different situation will hold if we chooser = 4 and m = 2 (seeFig 3.31). In
this case, we have a single perturbation corresponding to the true change-point.

Fig. 3.35 demonstrates two pairs of the root-modulus and root-frequency func-

tions corresponding to the two harmonics approximating the series Fﬁl 5, (and
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corresponding to two pairs of the complex conjugate polynomial roots). Note that
the representations are arranged in order of decreasing frequencies.

The root-frequency functions are presented in the bottom graph of Fig.3.34,
and the root-modulus functions are shown in the top graph. The leading root-
frequency function (thick line) demonstrates a smooth transition from w = 1/10
tow = 1/7 on the heterogeneity interval. The corresponding root-modulus func-
tion (also marked by the thick line) is stable.

1.14
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Figure 3.35 Rootfunctions:four leadingeigentriples.

The second root-frequency function (thin line) has small deviations from w =
1/20 everywhere except for the heterogeneity interval. The corresponding root-
modulus function has a similar behaviour.

Thus, the heterogeneity is detected by both modul us-frequency representations.
Naturally, the eigentriple rearrangement has no influence on the root functions for
r=4.

3.5.3 Movingperiodograms
Spectral properties of ‘moving’ subseries F; ;+ p—1 can be characterized by a se-

guence of the corresponding periodograms H(f“JrB -b (see Section 1.4.1 for the
definition and a discussion). '

Formally, to relate the periodograms and the detection/root functions, we must
take B = B, but, in view of the discreteness of the periodogram grid, it can be
more convenient to take B dlightly different from B. Define

- def H(k k+B— 1)( /E).

Then, the periodogram matrixs defined as
M= {np}, k=1,...,.N—B+1, j=0,...,[B/2],
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where [x] denotes the integer part of .

If we depict the periodogram matrix in the same manner as the heterogeneity
matrices, then we will obtain afigure of the local spectral behaviour of the series
F. In such a figure we should be able to see a relation between the subseries
F s and the powers of their main periodogram frequencies (calculated up
to the errors caused by the discreteness of the grid {j/E}). This can help in
explaining the nature of the heterogeneity.

For afixed frequency w = j/B, the frequency-powefunction(f-powerfunc-
tion) is defined as

def =
pgtw)éﬂj’n+1, TL:O,...,N—B.

This function provides us with useful information concerning the dynamics of a
single frequency component of the series.

Example 3.23 Moving periodograms
Consider the time series described in Examples 3.20 and 3.22. In these examples,
the length B of the base intervals was taken as 39 to achieve a better separability.
Since the periodograms relate to the entire series and are independent of sepa-
rability of its components, we take the length B of the moving interval as 42 to
get a better correspondence with the main frequencies (1/20, 1/10 and 1/7) of the
series.

The part of the periodogram matrix corresponding to the low frequencies is
depicted in Fig. 3.36.

1/10

.

1 72 143 214 285 356

Figure 3.36 Moving periodograms: periodogram matrix.

Three frequency rows can be easily seen in the matrix plot of Fig. 3.36. They
relate to the frequencies 2/42, 4/42 and 6/42 (from bottom to top), which are
approximately equal to 1/20, 1/10 and 1/7. The changes in the frequency structure
of the series become apparent. To understand the nature of these modificationswe
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use the f-power functions corresponding to these frequencies. Note that in what
follows, the terms of the f-power functions are indexed in the same way as the
detection and root functions to simplify the comparisons.

50

44

38

31

25

19

13

6
R

42 92 142 192 242 292 342 392

0

Figure 3.37 Moving periodogramsf-power functions.

Three f-power functions corresponding to w = 2/42 =~ 1/20 (thick line),
w = 4/42 ~ 1/10 (thin line) and w = 6/42 = 1/7 (thin line marked by dots)
are shown in Fig. 3.37. They demonstrate that there is no heterogeneity until time
300; all the f-power functions demonstrate smooth behaviour. (Small fluctuations
in the f-power functions are related to the approximation quality of the true fre-
quencies by the nodes of the grid {;j/42}.)

The interval of heterogeneity, marked by the two vertical lines, is clearly seen
as well; it is characterized by the abrupt changes in f-power functions. At the
same time, the intersection of the f-power functions, corresponding to w = 1,/20
and w =~ 1/10, indicates the region of the eigentriple rearrangement.

In summary, the intervals of the eigentriple rearrangement and the heterogen-
eity can be (approximately) calculated by three methods: with the help of the de-
tection functions, root functions and by means of the f-power functions. All three
methods give similar results, though the intervals obtained are dightly different
in width and have small shifts relative to each other as aresult of the noise.

3.6 Examples
3.6.1 ‘Coal sales’: detection of outliers

We usethe example* Coal sales’ (U.S. monthly salesof coal, from January 1971 to
December 1991) discussed in Makridakis, Wheelwright and Hyndman (1998), to
demonstrate the capabilities of SSA detection of outliersin slowly varying noisy
series having periodic components.
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A plot of ‘Coal’ time series Fiy is given in Fig. 3.38 (bottom graph). Seve-
ral abrupt local changes of its behaviour can be easily seen there. Basic SSA
with double centring, applied to the entire ‘' Coal’ series, clearly shows the general
structure of the series: it hasalinear-like trend, several components describing the
annual periodicity, and the residuals.

Let us select parameters to perform the SSA heterogeneity detection. Since we
are interested in ‘outliers’, we must not take B larger than the base time interval
between the arrivals of the ‘outliers’. Also, small values of B provide a good
description of the trend by asingle leading eigentriple.

On the other hand, B and L ought to be large enough to ensure separation
of smooth trends of the subseries F; ;+ z—1 from their annual periodicities. The
resulting decisionis B = 23 and L = 12.

Since B is rather small, for any : the trend of the series F; ;4 g1 can be per-
fectly approximated by an exponential series and therefore described by just one
leading eigentriple of the SVD of the corresponding trajectory matrix. Thus, we
selectr =1and I = {1}.

The heterogeneity matrix with 7" = 16 isshown in Fig. 3.39, the corresponding
row detection function is presented at the top graph of Fig. 3.38.

0.10
0.07
0.03
0
Jan 71 Jan 75 Jan 79 Jan 83 Jan 87 Jan 91
93
66
39
12
Jan 71 Jan 75 Jan 79 Jan 83 Jan 87 Jan 91

Figure 3.38 Coal sales:row detectionfunctionandthetime series.

Fig. 3.39 demonstrates an approximate equal-row structure of the H-matrix.
Therefore, approximate separability takes place all the time. We are thus deal-
ing with several temporary violations of the kind of Example 3.7, but the ‘ cross-
structure’ of the H-matrix is hardly recognizable due to the stability of the linear
spaces 2%’9”) (see formulae (3.2) and (3.1)) with respect to the influence of the
outliers.

Sharp peaks of the row detection function correspond to outliers in the ‘ Coal’
series. The correspondence can be easily seen by comparing the top and bottom
graphs of Fig. 3.38. Note that the first ‘outlier’ (October 1971) is detected from
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Figure 3.39 Coal sales:H-matrix.

237

the sharp decrease of the row function; the time of its occurrence belongs to the
first seriesinterval Iy p selected as the base one.

0.07

0.04

0.02

0
Jan 71 Jan 75 Jan 79 Jan 83 Jan 87 Jan 91

Figure 3.40 Coal sales:renormalizedow detectionfunction.

Since the ‘Coal’ series is generally increasing and the leading eigentriple de-
scribes just the increasing part of the series, the detection above is made on the
decreasing background. Thus (see Section 3.5.1), it might be worthwhile to use
the renormalized heterogeneity measures, i.e., to apply the alternative normaliza-
tion in the definition of the heterogeneity indices.

The resulting row detection function is presented in Fig. 3.40. Comparing this
plot with the analogous plot of Fig. 3.38, we can see that the two last peaks of the
detection function (August 1984 and July 1989) became more distinct and there-
fore compatible, say, with an earlier peak in November 1974, which corresponds
tothe‘outlier’ of similar discrepancy relative to the general tendency of the series.

3.6.2 ‘Petroleum sales’: detection of trend changes

The series* Petroleum sales’ (U.S. monthly sales of petroleum, from January 1971
to December 1991, Makridakis, Wheelwright and Hyndman, 1998) has atrend of
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complex form and a single outlier-like sharp peak corresponding to autumn 1990.
The series can be found in the bottom graph of Fig. 3.42.

If we take relatively small B and L, chooser = 1 and I = {1} and use the H-
matrix and the detection functions of Section 3.4.4, then in addition to detecting
the ‘outlier’ in the manner of the example of Section 3.6.1, we shall be able to
indicate the changes in the series trend.

Here we deal with multiple permanent heterogeneities in the exponential se-
riesin the presence of a small noisy-like additive component and a single outlier
region.

The H-matrix of the‘ Petroleum’ seriescomputedfor B =T =23 and L = 12,
is depicted in Fig. 3.41. The row detection function can be found at the top graph
of Fig. 3.42 (thick line). The sharp peaks of the row detection function and the
corresponding dark vertical and horizontal lines in Fig. 3.41 indicate the main
changes in the trend behaviour.

229
-
]
172 [ - -
115
-4
58
|
1
1 58 115 172 229

Figure 3.41 Petroleumsales:H-matrix.

The first large peak of the row detection function describes two changes that
occurred during the period from autumn 1973 to summer 1974. The chosen B is
too large to distinguish them. The second peak corresponds to a sharp increase of
the series around October 1978. The end of thisincrease (approximately February
1981) isindicated by the next smoother peak of the row detection function. Note
that the renormalization of the heterogeneity indices (see Section 3.5.1) would
make this peak even more distinct.

The beginning (November 1985) and the end (October 1986) of a sharp de-
crease of the ‘Petroleum’ series are indicated by the (biggest) single peak of the
row detection function (for large values of B these peaks are not distinguishable).
Lastly, the outlier region is also apparent.

A plot of the leading root-modulus function of the characteristic polynomials

corresponding to the linear spaces 2§LBT ) (see Fig. 3.43) confirms our conclusions
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concerning the approximation of the trend by a piecewise exponential series and
the interpretation of the behaviour of the row detection function.

0.03
0.02
0.01
0 - -
Jan 71 Jan 75 Jan 79 Jan 83 Jan 87 Jan 91
20
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Jan 71 Jan 75 Jan 79 Jan 83 Jan 87 Jan 91

Figure 3.42 Petroleumsales:detectionfunctionsandthetimeseries.
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Jan 71 Jan 75 Jan 79 Jan 83 Jan 87 Jan 91

Figure 3.43 Petroleumsales:leadingroot-moduludunction.

Indeed, al theroots arereal and therefore they correspond to (locally) exponen-
tial series. Thus, the values of the roots determine the local rates of exponentials
and their increasing/decreasing behaviour, which describe the behaviour of the
seriestrend. It is the perfect correspondence between the peaks of the row detec-
tion function and the local extremes of the root-modulus function that confirms
our considerations.

The thin line marked with crosses at the top graph of Fig. 3.42 depicts the
diagonal detection function. As was mentioned in Remark 3.1 (see also Exam-
ple 3.6), the diagonal detection function may have several peaks related to the
same change-point. We can see that in this case, the diagonal detection function
has four ‘true’ peaks, agreeing with the peaks of the row detection function as
well as three spurious peaks, which mirror the true ones.

The structure of the H-matrix (Fig. 3.41) correspondsto the general description
of Section 3.4.4, relating to trends. Thus, we have an explanation of both the light
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rectangles located along the main diagona of the matrix of Fig. 3.41 (the case
of apermanent heterogeneity with conservation of dimension) and the other light
rectangles (the specifics of a piecewise exponential series).

Though the H-matrix of Fig. 3.41 has a ‘multiple cross structure, it depicts
permanent violations rather than temporary ones (the ‘outlier’ region is an excep-
tion).

3.6.3 ‘Sunspots’.detectionof changesn amplitudesandfrequencies

The *Sunspots series (annua sunspot numbers, from 1700 to 1988, Hipel and
McLeod, 1994) is a standard test-bed for numerous methods of time series anal-
ysis. The series (thin line in Fig. 3.44) is an amplitude-modul ated oscillatory se-
guence of arather complex form.

190

127

63

0
1700 1748 1796 1844 1892 1940 1988

Figure 3.44 Sunspotstime seriesandits low-frequencycomponent.

Its behaviour has obviously changed in the interval somewhere between the
end of the eighteenth century to the thirties of the nineteenth century. (We do
not discuss here the reasons for this well-known heterogeneity.) The thick linein
Fig. 3.44 depicts the low-frequency component of the * Sunspots' series.

The component is reconstructed with the help of Toeplitz SSA with window
length 132 by the average triple and the eigentriples 5,6 and 9-11. It includes the
dowly varying trend and two periodicities of approximately 100 and 55 years.

We can see that this component generally corresponds to the modulation of the
amplitude of the ‘ Sunspots’ series and refl ects some specifics of the heterogeneity
interval of interest. Despite this we shall investigate the ‘ Sunspots' series as a
whole, trying to detect (and describe) the amplitude and frequency heterogeneities
altogether.

Since the main frequency of the ‘Sunspots' series is approximately 1/11, we
take B = 43 and L = 22 to separate the corresponding component from the
other components and choose »r = 3 and I = {1, 2, 3} to join the trend and the
main-frequency periodicity.

The resulting row detection function and the H-matrix for 7' = 43 are depicted
in Fig. 3.45 and Fig. 3.46, respectively. The column detection function is similar
to the row one.
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Figure 3.45 Sunspotsrow detectionfunction.
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Figure 3.46 SunspotsH-matrix.

A sharp pesak of the row detection function and the cross-structure of the H-
matrix precisely correspond to the heterogeneity region of the * Sunspots' series.

The roots of the characteristic polynomial help us to understand the nature of
the heterogeneity. Since the base spaces SET,L,’; ) correspond to approximation of
the time series F; ;. p_1 by the sum of one exponential (the first eigentriple) and
one harmonic (the second and third eigentriples), let us consider the two lead-
ing modulus-frequency root representations. The top graph of Fig. 3.47 presents
the two leading root-modulus functions. The thick line corresponds to the real
root (exponential component) and the thin line relates to the amplitude of the har-
monic component of the series. The corresponding frequencies can be found in
the bottom graph of Fig. 3.47.

We can see that both root-modulus functions are in perfect correspondence with
each other. Since one function relates to the slowly varying part of the series and
the other presents its main harmonic component, the correspondence of the root-
modulus functions means that the amplitude modulation of the main harmonic
component of the series is in agreement with its low-frequency component (see
Fig. 3.44).

Copyright © 2001 CRC Press, LLC



1.1

10 ﬂw ' WM
W

1700 1748 1796 1844 1892 1940 1988
111 -

0

1700 1748 1796 1844 1892 1940 1988

Figure 3.47 Sunspotstwo pairs of theleadingroot functions.

Both series in the top graph of Fig. 3.47 have low values precisely at the het-
erogeneity region of the ‘Sunspots series, which is characterized by small am-
plitudes. The same region can be indicated by the abrupt changes of the leading
root-frequency function (the thin line in the top graph of Fig. 3.47; the thick line
isthe zero one since it corresponds to the real root).

On the whole, the frequency values are about the main ‘ Sunspots’ frequency
(approximately, 1/11), but the heterogeneity region is characterized by large dis-
crepancies from this frequency. This means that the row detection function (see
Fig. 3.45) detects both the heterogeneity in the amplitude modulation and the het-
erogeneity in frequency.

3.6.4 ‘Demands’:rearrangemenbr heterogeneity?

Sometimes the distinction between the eigentriple rearrangement and heterogen-
eity of the seriesisdifficult to pick up by a straightforward heterogeneity analysis.
But it isimportant to discriminate between these effects since the rearrangement
isa‘fase’ heterogeneity. The following example shows how additional detection
techniques help in these situations.

The ‘Demands’ series (demand for a double-knit polyester fabric, sequential
observations, Montgomery and Jonson, 1976) is an example of this kind. The
series (after standardization) is shown at the bottom graph of Fig. 3.48. Its peri-
odogram (see Fig. 3.49) shows a very regular frequency-structure of the series:
the peaks of the periodogram are located on the grid {;j/30}, though the series
length is N = 240. Note that the true main frequencies of the series are dightly
greater than 1/30, 1/15, etc.
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A more detailed investigation shows that the most powerful frequency of the
beginning of the seriesisw = 1/2. Therefore, we take B = 59, L = 30 (to
achievethe best separation) andr = 1, I = {1} (to start with the main frequency).
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Figure 3.48 Demandsdetectionfunctionsandthetimeseries.
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Figure 3.49 Demandsperiodogramof the series.

The corresponding H-matrix (Fig. 3.50) and the row/column detection func-
tions (top graph of Fig. 3.48, the column function is represented by a thick line)
show two explicit rearrangement-like intervals of the series.

The root functions (Fig. 3.51) clarify the situation: while the root-modulus
function (top graph) is generally stable (apart from the interval of the first rear-
rangement), the root-frequency function (bottom graph) indicates transitions from
thefrequency w = 1/2tow ~ 1/10 and thento w ~ 1/5.
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Figure 3.50 DemandsH-matrix.
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Figure 3.51 Demandsroot functions.

The case can be clarified in an even better way. The periodogram matrix (see
Section 3.5.3), calculated for B = 60 (note that B = 59) shows that thereis a
time interval when all the powerful frequencies (except for the stable frequency
w =~ 1/10) either lose their power or start gaining it. In particular, the frequency
w = 1/2 vanishes amost at the same time as the power of the frequency w ~ 1/5
startsto increase.

The f-power functions (see Fig. 3.53) corresponding to the frequencies w =
1/2 (thinline), w = 1/10 (thick line) and w ~ 1/5 (thin line marked with dots)
indicate both the two rearrangement interval s and a hidden heterogeneity between
them.
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Figure 3.52 Demandsperiodogrammatrix.
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Figure 3.53 Demandsf-powerfunctions.

The powers of the frequency w = 1/2 are dowly decreasing in time, while
the powers of w =~ 1/10 arerelatively stable. The interval where their values are
approximately equal indicates the first eigentriple rearrangement, though not in
terms of eigenvalues but rather in terms of the amplitudes of the Fourier decom-
position of the series. After thisinterval w ~ 1/10 becomes the main frequency
(seeFig. 3.51).

As it decreases, the power of the frequency w = 1/2 becomes as small as the
frequency w =~ 1/5, which was almost constant until this time. Then the power
of the frequency w =~ 1/5 has an abrupt increase, which indicates heterogeneity.
When the values of the powers corresponding to w ~ 1/5 and w ~ 1/10 become
close, the second rearrangement is indicated.
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Lastly, let us consider the components of the ‘ Demands’ series, corresponding
to the three frequencies of interest. For this purpose, we apply the Toeplitz SSA
with L = 60 and take eigentriples 1, 2-3 and 4-5 for the reconstruction. The result
can be seen in Fig. 3.54: the component of w = 1/2 has a slowly decreasing am-
plitude (top graph), and the component of w ~ 1/10 is amost harmonic (middle
graph), while the third component, which correspondsto w = 1/5, has a constant
amplitude in the beginning of the series and then becomes modulated by the am-
plitude. Despite the fact that the abrupt change of the amplitude is smoothed, as
is evident from Fig. 3.53, the whole picture corresponds to the indicated hetero-

geneity.
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Figure 3.54 Demands: three main components of the series.
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PART 11

SSA: Theory
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CHAPTER 4

Singular value decomposition

This chapter is devoted to adescription of the singular value decomposition (SVD)
of real matrices, which is the main mathematical tool in the Basic SSA method.
Most features of SVD discussed below are used in different parts of the book
and clarify either theoretical constructions or interpretation of results in various
examples.

4.1 Existenceand uniqueness

Let X be a nonzero matrix with L > 1 rowsand X > 1 columns. Then S def

XXT is a symmetric L x L matrix. Like every symmetric matrix, the matrix
S has L linearly independent eigenvectorsthat is, linearly independent vectors
Ui,...,Up such that

SU; = \U; ,

where the \; are real numbers called the eigenvalue®f the matrix S. The linear
space spanned by the collection of eigenvectors U; is called the eigenspace

We can choose the eigenvectors U; to be orthonormal thet is, (U;, U;) = 0 for
i # j (the orthogonality property) and ||U;|| = 1 (the unit norm property), where
(X,Y) isthe inner product of vectors X and Y, and || X|| = /(X, X) isthe
normof the vector X.

Furthermore, the matrix S is positive semidefinitd.e., A; > 0 for dl ¢ =
1,..., L. We assume that the eigenvalues \; are placed in decreasing order: \; >
Ao >...> A >0.

We denote by d the number of nonzero eigenvalues of the matrix S. If d < L,
Aq¢ > 0 and Ay = 0, then al the other elgenvalues with indices larger than d
arealso zero. If A;, > 0,thend = L. Sinced isequd to the rank of the matrix X,
weobtain d < min(L, K).

For1 <17 < dweset

1
Ai
Proposition 4.1 VectorsU; andV; have the following properties
1. Letl < i,j < d. Then(V;,V;) = 0fori # jand||Vi|| = 1. If i > d, then
XTU; = 0k € R¥, where0 is the zero vector.
2.V is an eigenvector of the matriX T X corresponding to the eigenvalue.

Vi = XTy;. (4.1
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3.1f1 <i<d,then

1
Vi
4. If K > dthen all the otherk’ — d eigenvectors of the matriXTX correspond

to the zero eigenvalue.
5. The following equality is valid:

d
X =Y VAUVT. 4.2)
=1

U; = XV;.

Proof.
1. Thefirst statement follows from the equality
(XU, X U;) = (U, XXTU;) = MU, U;)
and the orthonormality of the vectors U;. In particular, if i = j > d, then A; =0
and || XTU;|| = 0.
2. Consider the vector XTXV;:

1
XXV, = XX X"y,
o XXX
1
= X' XXHU; = VN XTU; = NV
VA ( )
3. The proof is straightforward:
1
XV, = 7x XXTU;, = VUi,

4. Let V be an eigenvector of the matrix XX orthogonal to V;, 1 < i < d. Then
0=VXN(Vi,V) = X"U;, V) = (U;, XV)
foranyl1 <i<d.WesetU = XV. Then XXTU = 0, XTU = 0k and
XXV = XTU = ok.

5. Since the eigenvectors Uy, . . ., Uy, of thematrix S = XXT form an orthonor-
mal basis of R’ it follows that
L
Ep = ZUiUzTa 4.3)
=1

where Ey, istheidentity L x L matrix. Since E;, X = X, we obtain

L L
X =Y UU'X=> U(X"U;)"
=1 =1

d L
=Y VAUV + Y nxXTu)”.
i=1

i=d+1
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Since XTU; = 0k for i > d, the proof is complete. O
The equality (4.2) is called the singular value decompositiaisVD) of the ma-
trix X. Standard terminology calls numbers v/); singular valuesf the matrix X,
while the vectors U; and V; are called the left and right singular vectorsof the
matrix X. The collection (v/\;, U;, V;) is called ith eigentripleof the matrix X.

Let us discuss the uniqueness properties of SVD (4.2). Of course this unique-
ness could not be treated ad litteram First, since —U; is also the eigenvector of
S corresponding to the eigenvalue J;, in (4.2) we can replace one or more pairs
(U;, Vi) by (=U;, —V;) with each term on the right side of (4.2) remaining the
same.

Moreover, if, for example, A def A1 = Xy > A3, then the choice of the basis
in the two-dimensional eigenspace corresponding to the eigenvalue X is not well-
defined and the vectors U, U, (as well as the vectors 17, 15) are not determined
uniquely. This means that if A\; = Xy > A3, then both matrices v/ X\, U; VT and
V22U, Vo' have a sense only through their sum (which does not depend on the
choice of U; and Us), but not individually.

Bearing these considerations in mind, the uniqueness property of SVD can be
formulated as follows.

Let P,..., P, andQ,...,Qy besomeorthonormal systemsin RY and R”,
respectively. Assume that there exist nonnegative constantsc; > ... > ¢, > 0
such that

L
X =3 aPQ!. (4.4)
=1

Consider an SVD (4.2) of the matrix X.

Proposition 4.2

l.cg>0andcygy; =...=cp =0.
2.¢2 =)\ for1 <i<d.
3. For eachi = 1,...,d the vectorP; is an eigenvector of the matriXXT

corresponding to the eigenvalue.

4.Q; =XTR /A (i=1,...,d).

5. If all the numbers; are different, then'4.4) coincides with(4.2) up to the
signs ofU; andV;.

Proof.
Since X admits the decomposition (4.4) and thevectors Q)+, . . . , Q, are orthonor-
mal,

L L
S=XX"= " cic; PQTQ,; P =) PP
1=1

ij=1

Multiplying the last equality by P; on the right, we obtain that SP; = ¢ P;, and
thefirst three statements of the proposition are proved. The fourth oneis obtained
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by transposing the equality (4.4), which gives
L
xT — Z CijpjT ,
j=1

and then multiplying it by P; on the right. The last statement is an evident conse-
guence of the properties of eigenvectors. O

Corollary 4.1 Letl Cc {1,...,d}, J={1,...,d} \ I. Set
X, =Y VAUVT
iel

andX s def x X7. Then the decomposition

X, =Y VAUVt

icJ
is the SVD of the matriX ;.

4.2 SVD matrices

Singular value decomposition (4.2) can be rewritten in matrix form as follows.

SetUy=[Uy:...:U4),Va=[V1:...:Vy],and let A, bethediagonal d x d
matrix with the eigenvalue \; as the ith diagonal element. Then (4.2) takes the
form

X = UAY?*VE, (4.5)

which is the standard matrix form of the singular value decomposition.

The equality (4.5) can be rewritten in the form known as the quasi-diagonal
representation of the matrix X. It is well known that for a suitable choice of an
orthonormal basisin R”, any symmetric L x L matrix has a diagonal represen-
tation. It follows from (4.5) that we can select proper bases both in RY and R
and obtain an anal ogous representation for any rectangular matrix X.

LeeU=[U;:...:Ur]andV =[V; :...: Vk].(Notethatinthecased < K
we take Vy11, ..., Vk as an orthonormal system of eigenvectors corresponding
to the zero eigenvalue of the matrix XTX.)

The matrices U and V are L x L and K x K unitary (or rotation) matri-
ces. For the matrix U, this means that for all vectors X,Y € R’ the equality
(UX,UY) = (X,Y) isvalid and therefore the matrix U, trested as alinear map-
ping R* — R’ conserves both the vector norms and the angles between vectors.
Another characterization of the rotation property istheidentity U~ = UT.

Denote by A the matrix of the size of the initial matrix X with the diagonal
dements \;; = \; for 1 < ¢ < d and al the other elements equal to zero. Then
(4.5) can be rewritten as

X = UAY2VT or AY2=UTXV. (4.6)
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The equalities (4.6) have the meaning of the quasi-diagonal representatiaof the
matrix X. For suitablebases Uy, ..., Uy, inRY and V4, ..., Vi in R¥ (in other
words, under two proper rotations), any rectangular L x K matrix has a quasi-
diagonal representation A'/2. The term ‘rotation’ is used here since a transition
from one orthonormal basisin alinear space to another oneis performed with the
help of arotation matrix similar to U and V.

4.2.1 Matrix orthogonal decompositions and SVD

Consider the linear space M, k of real L x K matrices equipped with the stan-
dard operations of matrix addition and multiplication by constants. Evidently, the
dimension of this space is LK. Define the inner product of matricess follows.

Let X = (xij)gﬁl andY = (yij)gﬁl be matricesin M, k. Then

L K
(X, Y) = Z injyij~ (4.7)

i=1 j=1
In the standard manner the equality

L K
1X [ = X X) =D > 2 (4.8)
i=1j=1

defines the square of the matrix norm (usually called the Frobeniusmatrix norm),
distm(X,Y) = ||X — Y||m has the sense of the distance between matrices X
and Y, and so on.

The inner product (4.7) is the usual inner product of vectors in R“X (with
elements x;; and y;;) and does not depend on the rectangular structure of the
matrices. In particular, (4.7) does not depend on mutual permutation of matrix
elements and therefore does not take into consideration many important matrix
characteristics such as their rank.

On the other hand, the definition (4.7) tells us that the inner product of matrices
X and Y isequal to theinner product of XT and YT, which seemsto be natural.
(Of course these inner products act in different spaces: X, Y € My, i, while
XT YT € Mg 1.) The other useful property of the matrix inner product is that
proximity of two matrices can be considered as proximity of their columns; if
X1,...,Xxk €e REandYy,...,Yx € R” are columns of matrices X and Y,
respectively, then

K
1X = Y[R =D lIX - Vil
i=1

The analogous equality can obviously bewritten in terms of the matrix rowsrather
than columns.

Matrices X and Y are orthogonalif (X,Y) ,, = 0. Though the concept of or-
thogonality istoo general to be useful in all cases, there exist sufficient conditions
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that relate orthogonality of matricesto other properties of these matrices, such as
the span of their columns or rows. Indeed, in terms of the matrix columns,

K
(X, Y) = (X0 V)

=1

and, therefore, if span(X) ef span(Xy,..., Xk) isorthogona to span (Y) =
span(Yy,...,Yk), then X and Y are orthogonal. An anal ogous sufficient condi-
tion can be formulated in terms of the matrix rows; i.e., linear spaces span (X71)
and span (YT). Note that the orthogonality span (X) L span (Y) can be ex-
pressed as XTY = Ok, while the condition span (XT) L span (YT) is equiv-
alentto XYT = 0y, (here Ony Standsfor the N x N zero matrix).

Orthogonality of the span spaces in any combination does not give necessary
conditions for matrix orthogonality. However, there exists a class of matrices
where matrix orthogonality is expressed in terms of orthogonality of the span
spaces. Such matrices are unit-rankor elementarymatrices.

Every elementary matrix has proportional (nonzero) columns and proportional
(nonzero) rows. This means that every elementary L. x K matrix X has a repre-
sentation

X =cPQT (4.9

where P € R*, Q € R¥, ||P|| = ||Q|| = 1 and ¢ > 0. The vector P constitutes
the basis of span (X); @ plays the same role for span (XT). The representation
(4.9) isunigue up to signs of P and Q which can be modified simultaneously.
A useful feature of the elementary matrices is that for any matrix Y = PQT
andany X € My g
(X,Y),, = (X"P,Q) = (XQ,P). (4.10)

Indeed, if Q@ = (q1,...,qx)T, then PQT = [¢1 P : ... : qx P] and therefore
K K
(X, Y) = a:(Xi, P) =Y ¢ XP = (X"P,Q)
i=1 i=1

where X = [X; :...: Xk]. Thus, if X = ¢ PLQT and Y = . Q1 , then

(X,Y) \ = c1c2(Pr, P2)(Q1,Q2),

and, therefore, X and Y are orthogonal if and only if P, 1. P or Q@ L Q.

When dealing with linear spaces equipped with an inner product, the usua
decomposition of an element of such a spaceisits orthogonal decomposition into
asum of ‘simple’ elements. If we express the ‘simplicity’ of a matrix in terms of
the value of its rank, then we shall consider the decomposition of a matrix into a
sum of orthogonal elementary matrices:

X = Em: X, = Em: cPQF (4.12)
=1 =1
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with Xi = CLPlQ;F, c; > O, Pé c RL, Qz c RK, |
(P, Pj)(Qi,Qj) = 0fori # j.
It can be easily proved that the decomposition (4.11) has the following proper-

Pi|| = [IQill = 1 and

ties:
1 Xillm = e
2 |IXIRe =D& =D 1Kl
i=1 i=1
3.XQi=cPi+ Y ¢(Qi Q)P
7:(Q4,Q;5)#0
4. X"Pi=ciQi+ > (P, P)Qy;
j:(P“Pj);éo

5. (XQ“ Pz) = C;.

Any matrix X of rank d can be decomposed in many ways into the orthogonal
sum of elementary matrices.

Since the dimension of the linear space My,  is LK, thereexist LK pairwise
orthogonal L x K matrices. For example, suppose that one of the standard or-
thonormal bases of M, x consists of the matrices with asingle element equal to
1 and all the other elements zero. These matrices have rank 1, and therefore they
are elementary matrices. If we denote by Efk) € RF the vector with all zeros
apart from the ith component, which is equal to 1, then any matrix X € M g
with elements z;; has the orthogonal decomposition

L.K T
X =3 ayE" (B
i,j=1
This decomposition is universal, but it can have a lot of terms, even when X is
itself an elementary matrix.

If we consider an orthonormal basis P, ..., P in R%, then
L L
X=> PP'X=) PSI (4.12)
i=1 =1

with S; = XT P;. Thus, taking all the nonzero vectors S; and setting ¢; = ||S;||
and Q; = S;/c; we obtain (4.11). A similar decomposition holds if we take an
orthonormal basis Q1 ..., Qx in R® and multiply X by

K
Ex =) Q:Qf
=1
on theright.
Decomposition (4.11) shows that each column of the matrix X treated as a
vector is alinear combination of the vectors P4, ..., P,,. Therefore, m > d =

rank X. It is easy to construct the decomposition (4.12) with d nonzero terms.
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For example, if Py, ..., P; form an orthonormal basis of span (X), then XT B, is
azero vector for ¢ > d and (4.12) turnsinto

d
X => PBs'
i=1

with linearly independent S;.
L et us characterize all the decompositions of the kind

X = zm: PQ} (4.13)

i=1
with m = rank X, without the orthogonality restrictions on P; and Q);.

Proposition 4.3

1. The equalitym = rank X holds if and only if the vector#, ..., P, are
linearly independent and belong ¢pan (X).

2. The equalityn = rank X holds if and only if both vector systems, . .., P,

andQ,...,Q,, are linearly independent.
Proof.
1. Sincespan (X) C span (P, ..., Py),
dim (span (X)) < dim (span (Py, ..., Py)) <m (4.19)

and the equality m = rank X holds if and only if both inequdlities in (4.14)
become equalities. This means that @) the vectors Py, ..., P, are linearly inde-
pendent and b) span (X) = span (P, ..., Py).

2. As has already been mentioned, m > d = rank X. Moreover if Py,..., P,
are linearly dependent, then we can express each P; as a linear combination of

the basis vectors of span (P, ..., P,,). Recalculation of @; then leads to a de-
composition similar to (4.13), but with a smaller number of terms on its right
side.

Now let us assume that both systems P, ..., P, and @4, . .., Q.,, arelinearly
independent and m > d. Then span (X) is a subspace of span (P, ..., Py,),
and these linear spaces do not coincide. Denote by Y7, ..., Y, the orthonormal
basis of span (Py,...,Py) such that Y7,...,Yy is a basis of span (X). Then
XTYk =0k for k > d.

Since
P = f: ¢ijYj
j=1
for some ¢;;,
X=Y (D Vi) Q=Y (Z%‘Q?) :
i=1 \j=1 j=1 i=1
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Thus, for k > d

0k = XY, = Zciin
=1
and the @, arelinearly dependent. O
A decomposition (4.13) with m = rank X is called minimal

Corollary 4.2 Thedecompositiorj4.13) is a minimalorthogonaldecomposition
if andonlyif bothvectorsystemd?, , ..., P, andQ., ..., Q,, arelinearly inde-
penden&nd (P;, P;)(Q;,Q;) = 0 forall i # j.
As aresult, we have obtained a class of matrix decompositions into a minimal
number of orthogonal elementary matrices. Of course, the singular value decom-
positions belong to this class.

We set X; = /A\;U;V;T in SVD (4.2). Then (4.2) can be rewritten in the form

X =X;+...+Xq (4.15)

The matrices X, have unit ranks and are orthogonal to each other. Moreover, the
matrices X; are biorthogonalin the sense that Xz-XJT =0, and XTX; = Ok
fori # j. Thismeansthat the SVD isnot only adecomposition of amatrix into the
minimal system of orthogona elementary matrices, but also this decomposition
isbiorthogonal. In view of Proposition 4.2, it isa unique (up to multiplicity of the
eigenvalues \;) biorthogonal elementary decomposition. Evidently,

1X[15 = M+ -+ A (4.16)

4.3 Optimality of SVDs

The optimal features of SVD are based on two extreme properties of the eigen-
values/eigenvectors of symmetric matrices. These properties are well known; their
proofs can be found in Gantmacher (1998).

Theorem 4.1 LetC be a symmetrid x L matrix. Denote by\; > ... > Ay the
eigenvalues of the matri€ and byUy, ..., Uy the corresponding orthonormal
system of its eigenvectors. Then

1. a)

Al = mgx(CP, P) = (CU4y,Uy),

where the maximum is taken over &llc R” with ||P|| = 1;
b) for2 <k<L

A = mgx(k)(CP, P) = (CU, Uy,

where the maximum is taken over &lc R” with ||P|| = 1 and (P,U;) = 0
(1<i<k)
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2. foranyl <k <L
k k k

Pma?}) Z(CPi,Pi) = Z(CUi7Ui) = Z)\u

i=1 i=1 i=1
where the maximum is taken over all orthonormal systéms. ., Py € RE.

We now turn to SVDs starting with an auxiliary proposition. Assume that a
matrix X hasarank d > 0. Fix k suchthat 1 < k& < d. We consider the problem
of approximation of the matrix X with respect to the matrix norm by matrices’ Y
of the form

k
Y=Y PqT, (4.17)
i=1

where P, ¢ R* and Q; € RX. Of course, we can assume that the vectors P; are
orthonormal. We, however, do not assume the orthonormality of the Q;.

Let usfix the orthonormal vectors Py, . . ., P, and denote by M, p the collec-
tion of matrices (4.17). Our problem isto find the matrix Y, € M, p such that

in ||X — Y|y =X~ Yol
2ol llrm =1l ol lm

To find the optimal matrix Yj it is sufficient to find the corresponding matrices
Q1,...,Qrin(4.17).
Proposition 4.4 Optimal Q; have the fornQ; = X'P,.

Proof.
Since for al vectors Q, . . ., Qx thematrices Y, = P;QT are orthogonadl,

k k
<X -Y pxX'P, Y PjQ]T>M —0. (4.18)
i=1 j=1
Indeed, by (4.10) we have
k k
<X, ZPJQ]T>M 3 (X"PLQ
j=1 j=1

and in view of the orthonormality of the vectors P4, ..., P, the same result is
valid for the inner product

k k
(S racn. ynh),

The equality (4.18) shows that the matrix Zle P;XTP; isthe orthogonal projec-

tion of the matrix X on M, p; this completes the proof. O

An analogous statement holds if we fix the orthonormal system Q1, ..., Q.
Then the optima P; (which are not necessarily orthonormal in this case) are equal
to XQZ
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Now let M, be the set of matrices of the form

k
Y => PQf (4.19)
=1
with k < d. Take X, amatrix of arank d, and consider the problem of optimal
approximation with respect to the matrix norm of this matrix by matricesin M.
In this case, both P; and @); are arbitrary, while Proposition 4.4 deals with a fixed
collection of orthonormal vectors P;.
Let (vA;, Us, V;) be eigentriples of the SVD (4.2). The optimal features of the
SVD can be formulated as follows.

Proposition 4.5
d
1. mi X-Y|3 = Ai-
Juiz |l = >

i=k+1
2. If we take
k
Yo=Y VAUV € My, (4.20)
=1
then
_ 2 _ . _ 2
X~ Yol[3, = goin [X - Y[ (4.21)
Proof.
We can assumethat P, . .., P, arelinearly independent and form an orthonormal

system. Indeed, if the P; are linearly dependent, then we decompose several P;
into linear combinations of the others and recalculate the ;. The matrix (4.19)
will remain the same, while & will be reduced. In the same manner, if Py, ..., P.
are linearly independent but not pairwise orthogonal, then we can find an or-
thonormal basis of span(Px, ..., Py), decompose each P; in terms of this basis,
and recalculate the Q;.

By Proposition 4.4 we know that for fixed orthonorma P; (1 < ¢ < k), the
optimal Q; have the form Q; = XTP;. Therefore, the problem is to find the
optimal P;. Since

9 k
_ 2 Tp.
= X > (XX'P, Py), (4.22)

=1

k
HX -3 PX"A
=1

we have to find orthonormal P, ..., Py such that the right side of (4.22) is mini-
mal. But the answer to this problem is well-known (see Theorem 4.1); these vec-
tors can be selected as the leading & eigenvectors of the matrix S = XXT. This
meansthat P; = U;. In view of the equality (4.16), both statements are proved. O

The optimal features of SVD can be re-expressed differently for different pur-
poses. For example, the set M, can be looked at from another viewpoint. Since
any matrix Y € M, hasrank not exceeding &, the problem (4.21) isthe problem
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of approximation of the matrix X by amatrix of smaller rank. Therefore, Proposi-
tion 4.5 tellsusthat thesumof thefirst £ SVDtermsmakeghebestapproximating
matrix 'Y of rank not larger thark.

On the other hand, it follows from (4.19) that any column Y; of the matrix
Y € M, belongs to the linear space span (P, . .., Pi) of dimension not larger
than k < d, whereas the columns X, ..., Xk of the matrix X span the linear
space span (X) of dimension d. Since

K
1X = Y5 =D 11X - Vil
i=1

the optimization problem of Proposition 4.5 can be regarded as the problem of

simultaneous approximation of the vectors X, . .., Xk, spanning the d-dimensi-
onal vector spacespan (X) by somevectorsYs, . .., Yx spanning alinear space £
of dimension not exceeding & < d. Of course, Proposition 4.5 gives the solution:
the optimal linear spacet is equal tospan (Uy, .. ., Uy ), while the columns of

the matrix(4.20) are equal to the optimaY;.
A natural characteristic of these (equivalent) optimal approximationsis defined
by
X = Yoll3q  Aep1+...+Aa
||X||3\/l o AM+...+ Mg '
If we do not deal with the optimal approximation and set

X;=> VAUV

el
withl = {j1,...,5t C{1,...,d}, j1 > ... > jx,and k < d, then

_ ||X*XIH.2M :)\j1+"'+)\jk'
||XH3\/1 M+ ...+ N

The characteristic (4.23) can be called the eigenvalue share of the eigentriples
with numbersgjy, .. ., ji.

Another description of the optimal features of SVD isrelated to the so-called
principal vectors of the collection X;,..., Xx € R". Let X, P ¢ RY, X # 0,
[|P|]| = 1. Then (X, P)P isthe projection of X onto the one-dimensional linear
space £p = span (P), and ¢ = |(X, P)| isthe norm of this projection. The value
¢ = ¢(P) can be regarded as a measure of the quality of the approximation of
the vector X by £p; the larger ¢ = ¢(P) is, the better X is approximated by
span (P).

If we want to find P such that £p approximates the collection of vectors
Xy,..., Xk inthe best way, then we arrive at the following optimization prob-
lem: find the vector P, such that || P,|| = 1 and

K K

v Y (X Po)? = max Y (X, P)’ (4.24)
i=1 =1

1

(4.23)
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where the maximum on the right side of (4.24) is taken over al P ¢ R" with
1P[| = 1.
The solution to this problem can a so be described in terms of SVD.

Proposition 4.6 Considerthematrix X = [X; : ... : Xk] andits SVD (4.2).
Then

1. Thevector Py = U, is thesolutionof the problem(4.24) with v, = A;.

2. Let Py bethesolutionof thefollowing optimizationproblem

K K
v (X, Ro)? = max ) > (X, P)?, (4.25)

i=1 i=1

wherethemaximunontheright sideof (4.25) is takenoverall P € R" suchthat
[|P|| =1and(P,U;) =0forl <i < k. If k < d, thenthevector Py = Uy is
the solutionof theproblem(4.25), andvy, = Ag. If k > d, thenyy, = 0.

Proof.
Since
K
> (X, Py =||X"P||* = (XX"P, P),
=1
both statements follow from Theorem 4.1. a

Proposition 4.6 enables us to call the vector U; the ith principal vectorof the
collection X,..., Xk. Weset ¢;(U;) = (X;,U;). Since

d
Xj = ch(Uz)U'u
i=1

the coefficient ¢; (U;) is called the ith principal componentf the vector X; and
the vector

Zi = (c1(Uh), ..., cx(U)T = XTU;

isthe vector ofith principal component$Note that, in view of (4.1), Z; = v\ V;
and SVD (4.2) can be treated as a simultaneous decomposition of the columns of
the matrix X with respect to the basis of their principal vectors. Such an inter-
pretation is standard in principal component analysis where the columns of the
matrix X form an L-dimensional sample of size K.

In the same way, the V; are the principal vectors for the rows of the matrix X,
the vectors /\;U; are the vectors of their principal components and the decom-
position (4.2) produces two systems of principal vectors and two related decom-
positions with respect to these systems.

Now let us consider one more optimization problem related to SVD. Let us
fix 1 < k < d = rank X and an orthonormal system W1, ..., W, € R and
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consider the matrix

k d
Y=Y W+ Y PQf (4.26)
=1 i=k+1
under the assumption that the collection of vectors Wy,..., Wy, Piy1,..., Py

forms an orthonormal system. (Herethe P; are arbitrary up to thisrestriction, and
the Q; are arbitrary vectors in R”.) Denote by M &,w the set of such matrices
and consider the problem of finding the matrix Y, € M,y such that
X-Y = i X =Y m. 4.27

I ol[m Yelrj}/llfdle || a1 (4.27)
Proposition 4.7 ThesolutionY, to the problem(4.27) hasthe following struc-
ture: Q; = XTW; for1 < i < k;if d > i > k, thenthevectorsP; coincidewith
thefirst d — k orthonormaleigenvector®f the matrix

k
Xy & X S wi(xXTw)T

i=1

and Qz = XTPZ
Proof.
The expression for (Q; immediately follows from Proposition 4.4. Therefore, set-
ting
k
ZW = Z WLQ;F 3
1=1
we can take

d
Y =Zw+ Y PQf=Zw+Y;
i=k+1

with Y§ e Mg_p. Since || X — Y| pm =||Xw — Y| m, the proof is complete.O

4.4 Centringin SVD

Centring is not a standard procedure in SVD. Two versions of centring will be
discussed; single centring is usua in principal component analysis, while double
centring is a specific version of SSA aimed at extracting linear-like signals.

4.4.1 Single centring

For the initial matrix X with K columns and L rows, we set

A (X) = %X1K1§ , (4.28)
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where1x = (1,...,1)" € R¥. If we consider the vector
1
£1(X) = 7 Xk € R”, (4.29)

then &, (X) is the result of averaging the elements of X over its rows. In other
words, if X = [X7 :...: Xk, then&(X) = (X1 + ...+ Xk)/K.

Since A; (X) = & (X)1E, the matrix A; (X) has K identical columns which
areequa to £1(X). Thetransition X — X' = rx A; (X) has the meaning of
row centring.

Let us consider the SVD of the matrix X’ :

d
=Y VAT (4.30)
=1

If £1(X) = 0y, then the equality (4.30) is the SVD of the initial matrix X and
therefore coincides with (4.2). Otherwise (4.30) can be rewritten as

X =1/ Qo U Vo 1)+Z\fUV = A (X +ZX (4.31)
with
Uory = E(X)/IEL(X)]l, Vo) = 1k/VK

and \/Ao1) = [[E1(X )||VK . Therefore, (4.31) is a decomposition of the matrix
X into asum of elementary matrices. Note that here d is the order of the SVD of
the matrix X’ and therefore not of X in general.

We call decomposition (4.31) the single centring SVIof the matrix X. The
triple (1/Ao(1)> Un(1)» Vo(1)) iscalled thefirst average triple

Let us discuss the properties of this version of SVD.
Proposition 4.8
1. The decompositiof4.31) is a decomposition of the matriX into a sum of
orthogonal elementary matrices.
2. The decompositiof4.31) is an SVD of the matriX if and only if1x is an
eigenvector of the matriXTX.
3. The decompositiofit.31) is the minimal decomposition if and only if eithigg
belongs to the spacgan (XT) or 1k is orthogonal to this space.
Proof.
If £,(X) = 0y, i.e, if 1k is orthogona to span (XT), then al the statements
obviously hold. Assume that &; (X)) # Oy..
1. Note that

X' =X1g — £(X)1 515 =0y,

and therefore 1, is an eigenvector of the matrix (X’)" X’ corresponding to the
zero eigenvalue. Thismeansthat al right singular vectors V; are orthogona to 1 .
(In other words, the sums of their coordinates are zeros.) Thus, V1), Vi, ..., Va
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form an orthonormal system, and the corresponding elementary matrices are orth-
ogonal.
2. Suppose that 1k is an eigenvector of the matrix XX™. Since

A1 (X) = X Voy Vo,

A1(X) is one of the matrix components of the SVD of the matrix X. Thisis a
direct consequence of Corollary 4.1.
3. All we need (see Proposition 4.3) is to demonstrate that the vector V; belongs
to the span (XT) if and only if 1k € span (XT).

If 1% € span (XT), then al the rows of the matrix (4.30) are linear combina-
tions of the rows of the matrix X and vice versa. Therefore, 1k € span (X7T) if
and only if V; € span (XT) for 1 <i < d. O

Corollary 4.3
1. Sincethe decompositior{4.31) is orthogonal the equality

d
X130 = doqry + Z Aq (4.32)
1=1
is valid.
2. Thedecompositior{4.31) is optimalin the senseof Proposition4.7 appliedto
the matrixX™ with dy = 1 and a fixed vectol/’; = Vy(1).

Remark 4.1 The equality (4.32) means that the number X\,()/||X]||%, can be
regarded as the share of the first average tripie the sense of (4.23).

Analogous to the row centring of the matrix X, the column centring SVD can be
performed as well. Then, instead of £;(X) defined by (4.29), and A, (X) defined
by (4.28), we set

E(X) = %XTlL, (4.33)
Ax(X) =1L(&(X)" = %1L15X (4.34)

and apply the SVD to the matrix X — A, (X)) rather than to the matrix X’. Then
the decomposition (4.31) becomes

d
X =y M@ Vo Vo(z) + Zl VAUV

with Uye) = 10/VL, Vo) = &(X)/[1EX)]], d = rank (X — A>(X)) and
the corresponding \2). Of course, the analogous statements to Proposition 4.8
and Corollary 4.3 are valid in this case as well.
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4.4.2 Double centring

Let us consider the double centring SVD. Let the matrix X" be defined as

X/ def def X' — Ay (X/) 7

which isthe same as
X" =X — A1 (X)
with
APD(X) = Ay (X) 4 A2 (X) — A (Ax(X).
The matrix A;5(X) % Ay (A3(X)) = Ay (A, (X)) is the matrix with each ele-

ment equal to the average value of all the elements of the matrix X. Formally this
meatrix averageis egua to

1

—11X1
KL K

ay =
and the matrix A;2(X) itself is
Alg(X) = alelﬁ.

In the double centring version we deal with the SVD of the matrix

d
XI/ — Z \/A_1U7‘/ZT

=1
and thus obtain the double centring SVDf the matrix X:
d

X = A129(X +Z\fU V= A(X) + A(X) + ) Xi. (435)

=1
Since X1k = 0r, and (X”)T1;, = 0k, both U; and V; are centred in the sense
that (Ul, ]-L) =0and (‘/;, ]—K) =0.

Note that
X) = /Ao UoyVor

with Vo) = 1k/VE, Usry = E(X)/|E(X)]] and A2, = [|&1(X)]]PK. In
the same way,

D) )"
A2(X) )‘0(2 U (Vo(z))

with U = 11./V/I, v“;):&(X’)/H&(X’)HandAé?Q):||52<X'>||2L.

This means that the squared matrix norm of X can also be obtained as the sum
of the squared matrix norms of the matrices on the right side of (4.35)

d
X34 = 1AL [Rg + IAXD R+ D 11Xl R
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or, interms of \;, Ag(1) and )\(()1&),

d

1
X1 = Aoy + A5z + D i
i=1

The triple ( )\(()1()2)7 Ué(lz)), VO((Q)) is called the second average triplef the de-

composition (4.35). The numbers \o(1)/||X]|3, and /\(()1()2)/||X||f\,l can be re-
garded as the shares of the first and second average triplethe double centring

SVD.
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CHAPTERS

Time series of finite rank

In practice, atime series Fy isusualy aresult of some measurements, and there-
forethe order d of the SV D decomposition of the trajectory matrix of Fy typically
equalsmin(L, K), K = N — L + 1. However, there are series such that d does
not depend on L or K, when L and K are large enough.

Aswas mentioned in Section 1.6.1, this property isimportant for the eigentriple
grouping in Basic SSA. Moreover, such time series (and series sufficiently closeto
them) admit relatively simple and efficient continuation procedures discussed in
Chapter 2. The same class of seriesisthe basis for the change detection problems
of Chapter 3.

The present chapter is devoted to a formal mathematical description of this
class of time series and the linear recurrent formulae that govern these series.
Several results that are useful for the construction of the continuation procedures
are established.

5.1 General properties

Consider areal-valued sequence (series) Fiy = (fo,--., fnv—1) With N > 3 and
fix thewindow length L (1 < L < N).

The result of the embedding procedure (see Section 1.2.1) is a sequence of the
L-lagged vectors of the series Fiy:

X =X, = (fict,ooo firr)®,  i=1,... K

Denote by €5 (Fy) %' span(X7, ..., Xx) the trajectory space of the series
Fy (this space will be denoted by £ for short).

Let0 < d < L. If dim £ = d, then we shall say that the seriesFly has
L-rank d and write this as rank, (Fiv) = d. We shall assume that d # 0, which
means that not al the f,, are zero.

Itisclear that the equality rank, (Fy) = d can hold only if

d <min(L, K). (5.1)

When dealing with equalities of thekind rank, (Fy) = d we shall alwaysassume
that the condition (5.1) is met. If the equality ranky (Fy) = d holds for al the
appropriate L, then we say that the seriesF'y has rankd (rank(Fy) = d).
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Let X = [X; : ... : Xk] bethe L-trgjectory matrix of the series Fiy. Obvi-
ously

ranky (Fy) = rank X = rank XXT = rank XTX.

Moreover, the orthonormal system of eigenvectors Uy, .. ., U, corresponding to
the positive eigenvalues \; > ... > )\, of the matrix XX T congtitute a basis of
the space £(1). Therefore, rank,(Fy) isthe order of the SVD decomposition of
the trgjectory matrix X.

Let us give examples of series of afinite rank and infinite series F' such that
ranky, (F) = L forany L.

Example 5.1 Seriesof finite rank
1. Exponential-cosineequences
These series have the form

frn = Ae*" cos(2mwn + @) (5.2

with A # 0, w € [0,1/2] and ¢ € [0, 27). The exponential-cosine sequences can
have rank either 1 or 2:

a) If w = 0 and cos(¢p) # 0, then f,, is proportional to e*” and we have
the exponential series, which hasrank 1. Forall L > 1 and N > L, the
space £7) is spanned by the vector (1, a, . ..,aX )T, a = ¢*. The same
result takes place for the exponentially modul ated saw-tooth sequence with
w=1/2, cos(¢) # 0anda = —e®.

b) If w € (0,1/2), then the sequence (5.2) hasrank 2. For all L, 2 < L <
N —1, the space £ is spanned by the vectors Y; and Y, with components
y,(cl) = (k=1 cos(2mw(k — 1)) and y,(f) = e*kF=Dgin(2nw(k — 1)),
respectively (1 < k < L).

2. Polynomialsequences

a) Thelinear series f,, = an + b, a # 0, isaseries of rank 2. For L. > 2 and

N > L + 1, the space gl is spanned by the vectors

vi=(1,....0)T, v,=(0,1,....,.L —17T. (5.3

b) The quadratic sequence f,, = n? hasrank 3. For 3 < L < N — 2, the

linear space £2) is spanned by the vectors Y; and Y; defined in (5.3) and
by Yz = (0,12,22,..., (L — 1)?)T.

The case of ageneral polynomial is considered later (see Example 5.3).

3. A series that does not have a finite rank

Let usfirst take N = 2L — 1 and consider the series Fy with fo = fr = 1 and

the other f,, being zero. It is easy to seethat al L coordinate vectors are present

among the lagged vectors Xi(L) of the series Fy. Hence rank; (Fy) = L. The

required series F' can now be constructed as follows: the first three terms of the

series F' are the terms of the series F3 (taken in the same order), while the next

five aretheterms of F5, and so on.
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Remark 5.1 Notethat the SVD eigenvectors of thetragjectory matrix of any series
Fy arelinear combinations of the basis vectors of e (F); the same holds for
the factor vectors if we deal with the space £ (Fy ) rather than with £ (Fy).
Therefore, the singular vectors corresponding to the series of Example 5.1 (items
1 and 2) have the form stated in Section 1.6.1.

Let usintroduce one more concept related to series of finite rank. We shall say
that a series Fy admits an L-decomposition of order not larger thah(we write
thisasordy, (Fy) < d), if there exist two systems of functions

or:{0,....,.L -1} —» R, ¢:{0,..., K -1} —» R
(k=1,...,d) suchthat

d
firi =Y e r(j), 0<i<L-1,0<j<K-1. (54)
k=1

If ord, (Fy) < dandordy (Fn) £ d—1, then the series F)y admitsan L-decom-
position of the order! (ord, (Fy) = d).

Let us give an explicit form of the decomposition (5.4) for several series of
Example 5.1.

Example 5.2 Series of finite order
a) The power sequence f, = a”, a # 0:
fivg=a =a'-al = 1 (i) 1 (j);
b) the exponential-cosine sequence (5.2) withw € (0,1/2):
firj = Ae™ cos(2mwi) - €™ cos(2nwj + @)
—Ae™ sin(2mwi) - €7 sin(2mwj + @) = p1(i) Y1(J) + p2(i) Y2(4);
¢) linear sequence f,, = an + b with a # 0:
firj=1-(aj+b)+i-a=pi(i)P1(j) + p2(i) Y2 (5);
d) quadratic sequence f,, = n?:
firj =2 14+1-52+(20) -5
= @1(0) ¥1(4) + @2() ¥2(4) + 3(8) ¥3(j).

The following statement demonstrates that there is a close link between the
notions of finite rank and finite order.

Proposition 5.1

1. The conditionsanky, (Fiv) = d andord, (F) = d are equivalent.

2. The equality(5.4) determines ar-decomposition of ordet of the seried'y if
and only if both systems of functiong,, . . ., pq) and (¢, ..., ¥q), are linearly
independent.
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Proof.
1. Evidently, it is sufficient to show that the inequalities rank, (Fy) < d and
ordy, (F) < d areequivalent. Let rank, (Fiv) < d and denote by

Oy, = (px(0),. .. (L —1))T,  1<k<d, (5.5

some vectors that span the space £ Let ey (j) be the coefficients of the expan-
sion of the vector X ](ﬂ with respect to these vectors. We then have the equalities

d
X0 =3 "), 0<j <K, (5.6)
k=1
which in the component-wise notation have the form (5.4).

On the other hand, we can see that in the notation (5.5) the equations (5.4) be-

come (5.6). This means that all the vectors X (L) belong to some linear space £
spanned by the vectors ;. (k = 1, .. ., d). Obviously, the dimension of this space
does not exceed d.
2. Lettheequalities (5.4) defineord, (F ). If thefunctions ¢y, (or ¢) arenot lin-
early independent, then replacing some of them by linear combinations of others
we come to equalities of the same form (5.4), but with asmaller number of terms.
This leads to a contradiction. To prove the converse, assume that both function
systems are linearly independent. We introduce the vectors

\Ijk:(qz[}k(o)avwk(Kil))Tv 1<k<d.

Then (5.4) can be rewritten in the form
d
X = Z ®, U7
k=1

In view of the result of Proposition 4.3 of Section 4.2.1, rank X = d. a

Example 5.3 Polynomialseries
Consider a genera polynomia series f,, = P,,(n), where P,,,(t), t € R, isa
polynomial function of order m. Since

" dFP,,(s) t*
k=0
it follows that rank, (Fy) = m + 1 for L > m and al sufficiently large N.
Moreover, the singular vectors of the SVD for the corresponding trajectory matri-
ces have apolynomial structure.

Remark 5.2 Consider the class of infinite series that admit decompositions of fi-
nite order. Then (5.4) implies that this class is a linear space and is closed with
respect to term-by-term multiplication of series. Therefore, Examples 5.2 and 5.3
imply that any time serieswhose general term can be represented asasum of prod-
ucts of an exponential (¢*"), harmonic (cos(2wwn + ¢)) and polynomial (P,,,(n))
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terms does admit a decomposition of finite order. In view of Proposition 5.1, its
L-rank does not depend on L for large L and K.

Now let us turn to the SVD of the trajectory matrices of time series with finite
rank. Consider the series Fy and assume that rank,(Fy) = d for some L sat-
isfying (5.1). Then for the L-trajectory matrix X of the series Fy we obtain that
rank X = d and therefore the SVD of this matrix has d terms:

X = )\1U1V1T+...+ \//\dUdVdT. (57)

Proposition 5.1 (and Proposition 4.3 of Section 4.2.1) tells us that there are
many representations

d
X = Z P.QY (5.8)
k=1
with some P, € R* and Qr € R, where the vectors Py, ..., P; (and the
vectors 4, . . ., Q4 aso) are linearly independent.

Suppose that we have obtained a decomposition (5.8) with d = rank X. The
following proposition shows how to computethe SVD (5.7) interms of the vectors
P, and Q. Evidently it is enough to compute only A, and Uy; see (4.1). We set

D — (PP, P = (QiQy)
and consider d x d matrices A,,, A, with the elements cfé’ ) and cgj), respectively.

Proposition 5.2 Theeigenvalue®fthe matrix XX coincidewith the eigenval-

uesof the matrix A,A,. If A = (ay,...,aq)T is an eigenvectorf the matrix
A A, thenU = a1 Py + ... + aqPy is an eigenvectoof the matrix XX T and
viceversa.

Proof.

LetZ =a1 P+ ...+ aqPywithsomeay,...,aq. Since

d d
XTPy =3 eniQi XQu=3 P,
j=1

Jj=1

then

d d d
XXtz = Z ( Z am (ch)c;ZZ))Pk.
k=1 =1 j=1

Asthe P, arelinearly independent, the rest of the proof is obvious. |

Let us consider in detail the example of the exponential-cosine series Fiy with
fn = €*" cos(2mrwn + ¢), w € (0,1/2). The exponential-cosine series has L-
rank 2forany N > 3and1 < L < N, see Example 5.2. Here we are interested
in the situation when both eigenvalues of the matrix XX are equal or approxi-
mately equal.
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Weset ¢y = ¢/2. Since
Frrm = 2™ cos(2nwhk 4 ) cos(2mwm + )
—e M) gin(2nwk + ) sin(2mwm + 1)),

the equality (5.8) isvalid with d = 2 and the vectors Py, P, (01, Q2 whose com-
ponents are as follows:

pir = e“F cos(2nwk + ),  por = —e“F sin(2nwk + 1),

Gim = € cos(2rwm + ¥),  qom = eV sin(2rwm + )

for 1 <k <L, 1<m<K.Letp=|P|[/[| ]|, a = [|Q:]|/]|Q]l,
R (@)

PP (1Qul] ] Qall

and S = || P1|[ || P |[ [|Q1[[ Q2]

Proposition 5.3 LetT = 1/w.
1. fL= K, then)\l = Aa.

2. Leta = 0.If L/T and K/T are integers,then\; = Xo. If L/T is an
integerand K — oo, then\; /Ay — 1.

3. Leta <0.lfmin(L, K) — oo, then); /Ay — 1.

Cp

Proof.
1. Proposition 5.2 implies that if d = 2 and A1, Ao are the eigenvalues of the
matrix XX, then \; = \;/S and Ay = \o/S are the eigenvalues of the matrix

c,C c —lc
b= ( ggqi g}lcq gfq:lr}l)ﬂL C(;Cq ) . (59)
Let us show that both eigenvalues of the matrix B coincide if and only if ¢, =
—cg and || P1[|[|Q1]] = [[P2]] [|Q2]|-
Since \; » are the roots of the quadratic equation
A2 — (pa+ (pq) ! + 2¢,¢) A+1+ cf,c?l - cf, - ci =0,
the eigenvalues coincide if and only if

= (pa+ (pa) ™' + 201,0(1)2 —4(1+cjc; —ci—c2)=0. (510
Since c2 and c2 do not exceed 1 and C' e g+ (pq)~! > 2, theminimal value
of D for fixed ¢, and c, is equa to 4(c, + ¢,)? and is achieved for C = 2.
Therefore, the first statement is proved.

2.1f a =0andboth L/T and K/T areintegers, then || P, ||? = || ||? = L/2,
[|Q1]]*> = ||Q2||*> = K/2 and ¢, = ¢, = 0. Thus, D = 0 and the eigenvalues
coincide.
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Consider now the asymptotic case. Note that

At pa+ (pa)! +2¢,c, + vD

X2 pg+ (pg)~! +2c,c, — VD

where D is defined in (5.10). If « = 0 and L/T is an integer, then p = 1 and
c, = 0. Since K — oo, it follows that both ||Q1]]? and ||Q2||* are equivalent
to K /2 and therefore g — 1. In view of the boundedness of (Ql,QQ), c, — 0.
ThUS,D—>0and/\1/)\2 — 1.

3.Inthecase a < 0 and min(L, K') — oo we obtain

7

lim || P[] = lim ||Q1]| < o0, lim||Pz|| = lim||Q2]| < cc.

Moreover, there exist the finite limits lim (P, P,) = —lim (Q1,Q2). Thus,
asymptotically the eigenvalues become close. This completes the proof. a

5.2 Seriesof finiterank and recurrent formulae

Let us give one more definition. We shall say that the series Fiy has difference
dimensiomot larger thand (fdim(Fy) < d),if 1 < d < N — 1 and there are

numbersaq, ..., aq such that
d
fira=_akfirak, O0<i<N—d—1, ag#0. (5.12)
k=1

It is easy to see that for d < N — 2 the inequdlity fdim(Fy) < d implies
fdim(Fy) < d+1.

The number d = min{k : fdim(Fy) < k} is caled the finite-differencedi-
mensiorof the series Fiy (fdim(Fy) = d). For the zero series Fiy with f,, = 0,
we set fdim(F) = 0. We shall typically assume that fdim(F) > 0.

Theformula (5.11) will be called the linear recurrentformula(LRF). The LRF
(5.11) with d = fdim(Fy) is the minimal LRF. For infinite series the upper
bounds on 7 and d disappear in the definition of the difference dimension.

If (5.11) isvalid, then we shall say that the series Fy is governedby the LRF
(5.112). If (5.11) holds without any restrictions on a4, then Fy satisfiesthe LRF
(5.11).

Example 5.4 Series of finite difference dimension
Let us specify the formula (5.11) for the series of Examples 5.1 and 5.2.

a) thepower sequence f, = a™: fir1 =af;, d =1;
b) the exponential-cosine sequence (5.2) withw € (0, 1/2):
fivo = 2% cos(2mw) fig1 — > f;, d=2;
c) thelinear sequence f,, = an + bwitha # 0: firo =2fi41 — fi, d=2;
d) thequadratic sequence f,, = n?: fii3 = 3fiyo — 3fix1 + fi, d = 3.
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These representations can be validated by direct insertion of the formulae for
fr into the corresponding L RFs.

The following proposition shows the relationship between the difference di-
mension and the L-rank of time series Fly.
Proposition 54 Letl < L < N, K =N — L+ 1andd < min(L, K).
1. If fdim(Fy) < d, thenranky, (Fy) < d. Additionally,if the L-laggedvectors
X{L), e ,X(gL) are linearly independenthenrank, (Fy) = d.
2. If fdim(Fy) < d and thevectorstd),...,Xéd) are linearly independent,
thenfdim(Fy) = d. In this case,the LRF (5.11) is the unique minimal LRF
governingtheseriesFy.
Proof.
1. The equalities (5.11) can be rewritten in the form

d
X =SN"ax, d+1<j<K
k=1

Thus, all the vectors X;L) are linear combinations of the vectors Xl(L), e X((iL),
which yields the inequality ranky, (Fv) < d. In the case when these vectors are
linearly independent, the last inequality becomes an equality.
2. Assumethat fdim(Fn) = dy < d. Then thefirst statement implies the inequ-
ality ranky(Fn) < dp. On the other hand, rank,(F) = d in view of the linear
independence of the vectors X l(d), e ,Xéd). The uniqueness of the representa
tion (5.11) is a consequence of the uniqueness of the representation of the vector
Xc(li)l asalinear combination of thede),...,XL(id). O
Remark 5.3 Proposition 5.4 implies that the LRFs of Example 5.4 are minimal.
Proposition 5.4 shows that any sequence governed by the LRF (5.11) isaso a
series of finite rank. It is easy to construct an example showing that the converse
statement is false.

Example 5.5 Counterexample

Let f, =1for0 <n < N -—2and fy_1 = 2. Itisclear that rank, (Fy) = 2
for2 < L < N —1.Atthesametime, ford < N — 1 the equalities (5.11) cannot
be satisfied for any set of coefficients ay.

The following theorem (see Buchstaber, 1994) makes the situation clearer and
also plays an important role in the problem of series continuation. This theorem
impliesthat any (finite) series of L-rank d < L isgoverned by an LRF of dimen-
sion not larger than d with, perhaps, an exception made for the first few and last
few terms of the series.

Consider the series F)y and denote by F; ; (1 < i < j < N) the series con-
sisting of f;_1,..., fj—1. Inthecasei = 1 we shall write F;; instead of F} ;. As
before we set XZ(L) = (fiflv ey fi+L,2)T.

Wesete; = (0,...,1,...,0)T € R’ for the vector all of whose components
are zero except for the ith one which isequal to 1.
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Theorem 5.1 Letl < ranky, (Fy) = d < L. Then there are integerg and M
such thal < dy <d,0 < M <d— do andfdim(Far41,m+K+dy) = do-
Proof.
Let £4 be the L-trajectory space of the series Fiy. Denote by Sj the orthogonal
complement of thisspace, and by M, (0 < i < L) thelinear vector space spanned
by thevectorses, . .., e;. St N; = M; N £4. Obvioudly, s % dim £ = L — d
and N7 = £7 . For A, 4f Jim AV; we have

OZA()SAlSSAL:S
with Ai+1 — AIL‘ € {O, 1}

We definen; = min{k : A =i} for1 <i < L —d, set r = n; and observe
that r < d+1. (Thisfollowsfrom thefact that the maximal value of » corresponds
totheequaitiess Ay = s, A1 =s—1,...,A;,_,=0.)

Consider first the case r = 1, that ise; € £5. Then (X, e;) = 0 for
1 <m < K. Thiscorrespondsto the equalitiesd = 1and fo = ... = fx_1 = 0.
Hencefdim(FLK) =0,M =0, and dop = 0.

Now let » > 1. Weset p = r — 1. Choose the basis Y7, . . ., Y, inthe space £7
sothat Y; € NV,,,. We can assume that Y7 has the form

Yi = (ap,ap_1,...,a1,—1,0,...,0)T, (5.12)

and thisrepresentation of the vector Y; isunique. Sincethevector Y; isorthogonal
to all the vectors X, it follows that

P
fivp =D anfitpr (5.13)
k=1
for0 <i¢ < K —1.Wenow set p; = min{k > 0:a; =0, j > k}. Obviously,
p1 < p. If p1 =0, then fp =...= fK+p71 =0, fdim(FerLerK) =0, M = P
and do = 0.
If p1 > 0, then the formula (5.13) has the form
P1
fivo =D arfisprs  ap #0, (5.14)
k=1
0 <i < K — 1. Thisisthe LRF of order p; (i.e., dy = p1) which governs the
wieSFA4+1’]\4+K+dO with M :p—do. O

Corollary 5.1
1. If an infinite (in both directions) series

F:("'7f—na'"7f—1;f07f13"'7fna"')

satisfies the conditioranky, (F') = d > 0 for someL > d, thenfdim(F) = d
andrank;, (F') = dforanyL, > d.
2. If an infinite series

F:Foo:(f07---7fna'--)
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satisfies the conditiopank; (F) = d > 0 for someL > d, then there exist
integes dy, M such thah) < dy <d, 0 < M < d—dyand

fdim(Far41,00) = rankp, (Far+1,00) = do

foranyLgy > d.

Proof.

1. Let us modify the proof of Theorem 5.1 for the series F'. Since the series
F isnonzero, p # 0 and p; # 0. Therefore, the equality (5.14) holds for all
1 = 0,£1,... Hence fdim(F) < p < d and fdim(F) = p; < d. Accord-
ing to Proposition 5.4 we have rank, (F') < p;. Thisimpliesthat p; = d and
fdim(F) = d.

Let usturn to the second equality. First we note that the equality fdim(F) = d
and Proposition 5.4 imply that ranky, (F)) < d for any Ly > d. Additionally,
the inequality ranky, (F') < d cannot hold for Ly since otherwise the inequality
fdim(F') < d would hold.

2. The second statement of the corollary can be proved analogously. Since the
series F isinfinite, the restrictions on the end of the series cannot appear. On the
other hand, the restriction on the beginning of the series F' can occur. O

Remark 5.4 The second statement of Corollary 5.1 corresponds to Gantmacher
(1998, Chapter XV1, Section 10, Theorem 7). The theorem asserts that an infinite
(in both directions) trgjectory (Hankel) matrix of aninfinite series ' hasrank d if
and only if (a) the series satisfies the LRF (5.11) for al 4 (without restrictions on
agq), and (b) it does not satisfy an analogous LRF with smaller d.

For instance, the infinite serieswith fo = 0and f, = 1,n > 1, hasrank 2
for any L > 2. This series is governed by the LRF f;1; = f; fori > 1 (see
Corollary 5.1, item 2) and satisfies the LRF f;1o = fix1 + 0 f; fori > 0 (in
correspondence with Gantmacher, 1998).

Remark 5.5 ThebasisYi, ..., Y, described in the proof of Theorem 5.1iscalled
a Schubert basisWe can aways assume that each vector Y; has a form similar
to (5.12); i.e, thelast L — n; components of the vector Y; are zeros and the n;th
component is —1.

This means that each vector Y; also defines an LRF describing some subseries
of the series Fiy. These LRFs have, however, larger order than the LRF (5.14).
Moreover, the vectors Y, . . ., Yy, unlike Y7, are not uniquely defined (to get the
uniqueness we can consider, for instance, the orthogonal Schubert basis).

Remark 5.6 If we make an additional assumption that e;, ¢ £, then among the
basisvectors Y1, .. ., Y, of the space Sj there should exist at least one whose |ast
component is not zero. According to the construction of the Schubert basis, this

canonly be Y, sothat Y, = (ar_1,ar_2,...,a1,—1)T. Since the vector Y is
orthogonal to all the vectors X,,(,LL) (1 <m < K),wehave
L—-1
fivr—1= Z agfivr—1-k, 0<i< K -1 (5.15)
k=1
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We have thus arrived at an LRF of dimension smaller than or equal to L — 1.
This LRF governs the series Fy with the exception, possibly, of its beginning. If
ar—1 # 0, then the whole series Fy is governed by the LRF (5.15).

As was already mentioned, the LRF (5.15) is not uniquely defined since the
Schubert basis is not unique. Let us give one of the variants of this LRF derived
from totally different considerations (see Danilov, 19973, 1997b).

For any vector X € R” we shall denote by XV € RY~! the vector consist-
ing of the first L — 1 components of the vector X. Denote by Py, ..., P; some
orthonormal basis of the trajectory space £, and consider the linear vector space
£y spanned by Py, ..., Py. Denote by 7; the last component of the vector P;.

Assuming that e;, ¢ £, we obtain the inequality v2 % 72 + ... + 72 < 1.
Itisnatural to call the quantity 2 the verticality coefficientf the space £,. Note
that the verticality coefficient is equal to the squared cosine of the angle between
er, and the space £, and therefore this coefficient does not depend on the choice
of the basisin this space. Set

d
1
R — .pY — L T 1
R 1_,,2;%1, R =(ar1,...,a1) (5.16)

Theorem 5.2 Let1 < ranky(Fy) = d < Lander, ¢ £4. Then(5.15) holds,
where the coefficients, are defined in(5.16).

Proof.
The proof will be given in three steps.
1. Let us demonstrate that for any vector V' € £ there exists avector Y € £4
suchthat YV = V, and, moreover, the condition e, ¢ £, implies the uniqueness
of this vector.

Indeed, since the vectors P, ..., Py span the space £, we have

V:hlplv—l—...—l—hdpdv.

Also, thevectors Py, . . ., P; form abasis of the space £, and therefore the vector
Y = h P +...+ hgP;belongsto £4. Since YV = V, the existence is proved.
Let Y1,Y; € £4and Y¥ = Yy = V. Then the difference Y; — Y> obviously
belongsto £, and is proportional to ey, . Therefore, if Y7 # Y5, thenep, € £4.

2. Let us now prove that the last component y = y;, of the vector Y has the form
RYV.LetV = (x1,...,21_1)T. Then there exist numbers h;, such that

d

($17x27~-~733L—1a0)T+yeL:thpk- (5.17)
k=1
Taking the inner product of both sides of (5.17) and P, we obtain
hi, = (P, V) +ym, k=1,...,d. (5.18)
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On the other hand, taking the inner product of (5.17) and e, and using (5.18),
we have

d
y—zhkﬂ'k—z (P, V) m +yv?,
k=1

whereuQ:w%Jr...Jrvrd < 1.Since

d d
(R, V)me = (ZP,Z% V) =(1-1%)(R,V),
k=1 k=1

wehavey =y, = RTV.

3. Consider now the L-| agged vector

T
Xiy1 = z+1 = (fi, fix1, - fixr—1)" € La.
def

Clearlly V.= X/, = (fis fix1s---, firr—2)T € £]. Therefore, we obtain the
ivp—1=RT X1 Thisdefines the required LRF. m]

Remark 5.7 The proof of Theorem 5.2 implies that the vector Y € R belongs
to alinear vector space £ withdim € < Landey ¢ Lifandonly if YV € £¥
and the last component y of the vector Y hastheformy = RTY".

Consider now the vector R from a different viewpoint. We set

Q= (1-17) ( ‘7f ) . (5.19)

Proposition 5.5 Thevector@Q is the orthogonalprojectionof thevectore, onto
£ . Moreover,||Q|]? = 1 — v? and||R|]? = v2/(1 — v2?).

Proof.

Sincev? = 7 + ... + 73, we have

d
A mP . +maPy O\ .
Q=cL ( T+t = €L ;ﬂzpl
Using the equality 7; = (er,, P;) we obtain
Q=> "mP, (5.20)

i>d
and thus the first statement of the proposition is proved. The required expression
for || Q||? isanimmediate consequence of (5.20); the expression for ||R||? follows
from (5.19). O

Note that if 2 = 1, then Q = 0y, (the vector R is not defined in this case). At
the other extreme, when 12 = 0, wehave Q = ey, and R = Or,_;.

L et us give some examples of series of finite rank along with the corresponding
LRFs. These examples serveto elucidate the role of the restrictionsthat cut off the
beginning and the end of the series from the corresponding LRF of Theorem 5.1.
The examples also illustrate Theorem 5.2.
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Example 5.6 LRF of Theoren®b.1

Consider the series Fy of Example 5.5 with N = 7, and assume that L = 3.
Then the L-trajectory space £, has a basis consisting of the vectors e; + es and
e3 (this implies that Theorem 5.2 is not applicable to this series). The orthog-
ona complement SQL is one-dimensional and has the basis e; — e1. Furthermore,
dimNy = dimN; =0, Vo =N =L5.Thus,r =2, p=dy =1 < d =2and
M = 0.SinceY; = e; — ex € N>, theformula (5.14) has the form f; .1 = f;
and holds for all 7 except for the last one.

Example 5.7 LRFs of Theorems.1 and 5.2

Let 7 = (2,1,1,1,1,1,1) and L = 4. Obviously, rank,(F;) = 2. The basis
of the space £, consists of the vectors e; and e; + e3 + e4. The space Sj has
the basises; — e3, e3 — e4, Which isa Schubert basis. Consider the series F; from
the viewpoint of Theorem 5.1. In this case, dim Ny = dim N; = dim N> = 0,
dimN3; =1,r=3andp = 2.

SinceY; = e; — e3, we have dy = 1 and the LRF hasthe form f;1o = fii1.
ThisLRF holdsfori = 0, ..., 5. Therefore, we haveinthiscase p = d = 2, but
the dimension of the LRF is one less (since a, = 0); hence, M = 1. The LRF
itself isvalid for al the terms of the series apart from the first one.

The vector Y = e3 — ey generates the LRF f; 3 = f;12, which governs all
the terms of the series except for the first two.

Let us check now what we can get from Theorem 5.2. In this case we can
takeP1 = €1 and Py, = (62 +e3 + 64)/\/5. Thlsylelds T =0, m = 1/\/5,
Py = (1,0,0)T and Py = (0,1,1)T/V/3. Since v? = 1/3, we immediately
obtain R = (0,1,1)T /2, which correspondsto the LRF fi. 3 = (fiso + fir1)/2
(0 <i<5).

Thisformula holds for al the terms of the series apart from the first one. Note
that this L RF correspondsto the second vector in the Schubert basis: Y, = 0.5¢;+
0.562 — €4 = }/2 + 05Y1

If inthisexample we choose L = 3, then the space £§ will become one-dimen-
sional and the LRFs of both theorems will coincide.

Example 5.8 LRFs of Theorems.1

Consider the series Fy = (2,1,1,1,1,1,1,1,2) and the window length L = 5.
Then rank, (Fy) = 3 and the basis of the space £5 = Eé‘r’) iseq, es + e3 + ey,
es. Theorem 5.2 is again inapplicable. Correspondingly, dim S?f = 2 and the
Schubert basis of 2; can be chosen as e; — e3, e3 — ey4. It is easy to see that
dim N7 = dim N5 = 0, dim N3 = 1, and dim Ay = 2. Consequently, r = n; =
3, no :4,andp:2.

WehaveY; = e; —e3 and Y, = e3 — ey. Therefore, either of the two equalities
(X;,Y1) = 0and (X;,Y) = 0, which hold for 0 < i < 4, generates the LRFs
fizo = fix1 and fi13 = fi1o of dimension 1. We thus again have dy = 1. The
first of these LRFs describes theterms f; with 1 < ¢ < 7 (M = 1); the second
one describes the terms with 2 < ¢ < 8. Together these two LRFs describe the
whole series, with the exception of the first and the last terms.
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Example 5.9 LRFs of Theorems.1 and5.2
Consider the series F; = (1,1,1,2,1,1,1) and let the window length be L = 5.
It is easy to see that in this case d = ranky (F7) = 3, which coincides with
K = N — L+1.Thespace £5 hasthebasise; — e5, —4e; + e + e5 + ey, and
thusY; = 4e; — ex — ez — ey4. Therefore, the LRF (5.14) of dimension dy = 3
hasthe form f;1 5 = —fi1a — fix1 + 4f;. Itholdsfor 0 < ¢ < 2 and does not
hold for : = 3.

It is easy to construct the LRF (5.15), (5.16) using Proposition 5.5. Simple
caculationsgive R = (3,4, 4,4)/19. Theresulting formulaof dimension 4 holds
for 0 <17 < 2;i.e, it describes the whole series F.

Theorem 5.1 together with Corollary 5.1 (as well as Theorem 5.2) show that,
despite the fact that the notions of a series of finite rank and of finite dimension
are not generally equivalent, there is a close link between them. In this respect,
the series governed by the LRFs are of particular importance since they possess
analytic descriptions. Let us formulate the corresponding statement (the proof can
be found, for instance, in Gelfond, 1967, Chapter V, §4).

Lettheseries F' = (fo,. .., fn, . -.) begoverned by the LRF (5.11) witha, # 0
and: > 0. Consider the characteristicpolynomialof the LRF (5.11):

d
Py(A) = A4 = apatt
k=1

and denoteby &, (1 <m < p) themultiplicitiesof itsdifferent roots A1,..., A,
(k1 + ...+ k, =d). Set

fa(m,j) =niXn, 1<m<p, 0<j<k,—L
Note that since ay # 0, al the roots \,,, are different from zero.

Theorem 5.3 A real-valued serie¢’ satisfies the LRFE5.11) if and only if

P km—1

fn = Z Z ijfn(m7j) (521)

m=1 ;=0

with (compley coefficientse,,; determined by the firsé terms of the series,

fo,oos fa-1-

Remark 5.8 If theroot )\, isreal, then itsinput into the sum (5.21) has the form
of apolynomial inn, multiplied by A7,. Moreover, the corresponding coefficients
cm; arereal.

If the root A, is complex, then the polynomial has also a complex conjugate
root \; of the same multiplicity. (Note that the coefficients a;, arereal.) Rewriting
one of these roots as e®e™™ with w € (0,1/2), we get that the joint input of
both roots into the sum (5.21) has the form of a polynomia in » multiplied by the
term e*™ cos(2mwn + ¢). Moreover, in this case the corresponding coefficients
¢m; and ¢;; are conjugate complex numbers.
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In both cases, if the multiplicity of the root A, is 1, then the polynomial in n
becomes a constant. Therefore, any infinite series satisfying LRF (5.11) for any 4
is necessarily a sum of products of polynomial, exponential and harmonic series.
Thisisin total agreement with Remark 5.2.

Example5.10 LRFs of dimension 1 and 2
Let us consider thecase d = 1 and d = 2 in detail. If d = 1, then the linear
recurrent formulais f,, = af._1, a # 0, and the unique (up to a nonzero con-
stant A) time series F' satisfying this equation is f,, = Aa™. This corresponds
to the constant (@ = 1), saw-tooth (¢ = —1), exponential (a > 0, a # 1) and
exponential—saw-tooth (o < 0, a # —1) series.

For d = 2 we have to consider the polynomia P;(\) = A% — a1\ — ap and its
roots A1, Ao under the assumption as # 0.

If these roots coincide, then they are real, and the series has the form

fn:Al/\n‘f'AQN/\n7 A=A = Ao
Note that if I is alinear series, then A\; = Ay = 1. Two different rea roots \;
and A\, generate a sum of two different power series:
fn = Al)\? + Az)\g.

At the same time, two different (and conjugate) complex roots \; = e*+27«,

Ay = e~ 2™ witha € Rand 0 < w < 1/2, generate a series of the form
frn = Ae®" cos(2mwn + ¢),

where A and ¢ are arbitrary constants, providing that the seriesis not a zero one.
Note that a pure harmonic solution appearsif |A1| = |Ao| = 1.

Assume now that £, ¢ R” is some linear space of dimension d < L and
er, ¢ £4. Let us pose the question: ‘ Does there exist anonzero series such that its
L-lagged vectorsbelong to £47 Thefollowing statement showsthat ford < L—1
the answer to this question is typically negative.

Let us define the space £, in terms of the set of L — d linear equations:

T+ Cci1Tr—1+ ...+ CjL—2%2+ Cj 121 = 0 (5.22)
(1 <j < L—d),wherethevectors (c; 1 —1,...,cj1,1)T arelinearly independent
(thisis possiblein view of the assumption ey, ¢ £4).
Proposition 5.6 There exists an infinite nonzero ser@s= (g, ..., on,-..)
such that itsL-lagged vectors belong t9, if and only if the polynomials
Pj ()\) =\t + le)\L72 + ...+ Cj7L_2/\ +c¢j -1 (523)
(j =1,...,L—d) have at least one common root.

Proof.
If the L-lagged vectors of the series  belong to £, then this series satisfies L — d
linear recurrent formulae

On =0j1Pn-1+ ...+ ajL—20n—1+1 +aj—19n—1, n>L, (524)
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where a;;, = —c;,. According to Theorem 5.3 the form of the series satisfying
(5.24) isfully determined by the roots of the polynomial (5.23). If al therootsare
different (this case is the most important in practice), then

n = b1jAT; + ...+ briAL,

where the A\y; are the roots of the polynomial (5.23). This immediately implies
the statement of the proposition for the case when all the roots are different. The
case of multiple roots is analogous. O

Corollary 5.2 Letd = L — 1 andey, ¢ £4. Then the LRF
On = 011Pn—1+ ...+ a1, 2Pn—141 + A1, —1Pn-1, N=>1L,

with a1, = —c1 generates all series whodelagged vectors belong t9,.

5.3 Time series continuation

Let Fx = (fo,..-, fnv-1) andd < min(L, K), K = N — L + 1. Assume that
rank, (Fy) = d, and denote by £, = £ (Fy) the corresponding d-dimen-
sional L-trajectory space.

We shall say that the series Fyy is continuable in€, (or simply L-continuablg
if there is a unique number fx such that all the L-dimensional lagged vectors
of the series Fyo1 = (fo,..., fn—1, fn) still belong to the space £,. In this
case, the series Fyy41 (and also the number fy) will be called the one-step L-
continuationof the series Fly.

Note that the condition e, ¢ £, is necessary for L-continuability of atime se-
ries. Indeed, if e, € £4, then the series Fy is not L-continuable since, otherwise,
the uniqueness of the continuation would be violated. In particular, if we have
ranky, (Fy) = L, then the series Fy is not L-continuable.

On the other hand, if there are two different numbers fN such that the L-
dimensional lagged vectors of the series Fy 11 = (fo, ..., fzv—1, fnv) belong to
La,thener, € £4. Thismeansthat the condition ey, ¢ £, providesthe uniqueness
of the L-continuation.

Thefollowing theorem gives sufficient conditions for L-continuability in terms
of the LRF. Moreover, it shows the close link between series that admit an L-
continuation and series that satisfy linear recurrent formulae.

Theorem 5.4
1. If the seriesFy is governed by some LRF
do
fivdo = Zakfi+do—k; 0<i<N-—dy—1, (5.25)
k=1

with dy < min(K,L — 1), then it is L-continuable and itsL.-continuation is
achieved by the same LRF.25).
2. We setlL* = min(L, K). If d = rank;-(Fy) < L* andez- ¢ £57)(Fy),
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then the serieg’y is both L-continuable and{-continuable. These continuations
coincide and can be achieved by some LRF of dimenkion 1 or smaller.

Proof.
1. We sat
In =) axfn-r, Xxyr =l )"
k=1
Sinced, < K,

do
X1 = Z arXK41-k
k=1

and therefore )?KH € £4. Theinequality dy < L impliesthe condition ey, ¢ £,.

2. Let usconsider thetrajectory space £L7) (Fyy). Sinceitsdimension d is smaller
than L* and e« ¢ E(L*)(FN), we obtain (see Theorem 5.2) that the series Fiy
satisfies an LRF of dimension not exceeding L* — 1 < min(L, K). The rest of
the proof is similar to the proof of thefirst assertion of the theorem. |

Remark 5.9

1. If Fy satisfiesthe LRF (5.25) and dy < min(L, K), then Fy admitsboth an L-
continuation and a K -continuation. The results of these continuations coincide.
2. We see that (under the assumptions of Theorem 5.4) if the series Fy is L-
continuable, then so is the series Fy 1. Therefore, under these assumptions any
L-continuable series Fy of L-rank d can be uniquely continued to an infinite se-
ries I’ of the same L-rank.

3. By definition, L-continuabity of the series F)y implies the possibility of con-
tinuing the series to the right. Analogously, we can define L-continuability of the
series Fiy to the left. If d < L* = min(L, K), then a necessary and sufficient
condition for thisise; ¢ £L7) (Fy).

Example 5.11 Right and left continuation

Among the series of Examples 5.6-5.8, only the series of Example 5.7 is continu-
able to the right (with all the continued values equal to 1). At the same time, the
series of Example 5.6 is continuable to the left, and the series of Example 5.8
cannot be continued either to the right or to the left.

Example5.12 Counterexample

The series of Example 5.9 has L-rank 3 for L = 5, with es ¢ £3. However, it
is not L-continuable. Indeed, the condition of orthogonality of the vector X5 =
(2,1,1,1, ﬁ)T tothebasisvectorse; —e5, —4e; + ex + e3 + ey Of thespace£§
leads to contradiction. The conditions of Theorem 5.4 (second assertion) are not
satisfied sinced = K.

Despite the fact that in the definition of L-continuability of a series Fy of L-
rank d all the terms of this series are formally present, the continued value fy is
determined (under the fulfillment of the conditionse;, ¢ £45andd < L < K)
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only by the last L-Iaggeg vector X . More precisely, the lagged vector XK+1 of
the L-continued series Fiy 11 is

Xxi1=Dr Xk, (5.26)
where
0 1 0 ... 0
0 0 1 ... 0
Dp=1: : : S (5.27)
0 0 0 1
0 ar—1 ar—2 ... a

andthevector R=(ar_1,...,a1) isdefined in (5.16). By definition, )?KH eLy.
We also have that the vector X | consisting of the first L — 1 components of

the vector X K +1 coincides with the vector (X k), consisting of thelast L — 1
components of the vector X .

Consider now avector X € £, still assuming that e;, ¢ £4. Let us state the
problem of finding the vector Y € £, such that the distance between the vectors
X, and YV isminimal. Such aproblem arisesin forecasting (continuing) a series
by the Vector SSA forecasting method discussed in Section 2.3.1.

According to Remark 5.7, Y = D X if and only if X, € £}, where the space
£Y consists of al the vectors ZV with Z € £4. Inthiscase, YV = X,, and
the last component y of the vector Y has the form y = (R, X ). In the general
case, the problem stated above has the following solution, which does not require
aspecia proof.

Proposition 5.7 Denote byI1 the operator corresponding to the orthogonal pro-
jectionR*~* - £7. ThenY” = II1X, andy = (R, Y").

As discussed above, if e, ¢ £4, d < min(L,K) and X = X isthe last
column of the L-trgjectory matrix of the series Fy, then the vector X, belongs
to £ andIIX, = X,. Therefore, Proposition 5.7 essentially describes a contin-
uation of the series Fy with the help of the formulae (5.26) and (5.27). Note that
for d = L — 1 the operator IT is the identity operator (the equality TIX, = X,
holds for any X).

Proposition 5.8 Letd = L—1,e;, ¢ £;,_1andX € £,_1.ThenD, X € £;_;.
Proof.
L et us represent the hyperplane £, intheform

£1_1 ={Z € R" such that (4, Z) = 0}.

Since e;, ¢ £,-1 and the vector A € RF is orthogonal to £;,_1, the vector
A coincides (up to a multiplier) with the vector O defined in (5.19). The last
component z of the vector X can be expressed in terms of the linear combination
of the other components. z = (R, X V).
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Moreover, we have in this case that £] , = R*~*. (Indeed, any vector in
R%~! aways uniquely determines the point in the hyperplane in R”, unless this
hyperplaneis vertical.) This completes the proof. O

Remark 5.10 Proposition 5.7 shows that any time series Fiy withrank, (Fy) =
L—1andey ¢ £1_1 admitsan L-continuation.

Let us discuss now the properties of the operator II. Let P,..., P; be an
orthonormal basis of the space £,. Weset V¥V = [P/ : ... : PY]and W =
(m1,...,mq)", where m; is the last component of the vector P;. As above, let
v? = 7% + ...+ m3. Also, we introduce the matrix A = (VY)TV7,

Proposition 5.9 If e;, ¢ £, thenwehavethefollowing.
1. Thematrix I of thelinear projectionoperatorII hastheform

I=v'(Vv)HT + (1 -v»)RRT. (5.28)
2. In the notationof Proposition5.7 we havethe equalitiesy = R X, and
YV =1X, = VI(VI)HTX, +y(1 - H)R.
Proof.
1. Let usfirst prove that the matrix A hastheinverse;
1
1—02

where I, is the identity d x d matrix. Indeed, let V be a matrix with columns
Py, ..., P;. Obvioudy, VTV = I,. On the other hand,

VIV=A+WWT,
andthus A =1, — WWT. SinceWTW =12 < 1, we have
1

—2

Al =1+ wwrt, (5.29)

(Id _ WWT) (Id + 3 WWT) -

=1;—-

Pwwt —wwTww?) =1,. (5.30)
1—v2
Since both matrices on the left side of (5.30) are symmetric, the proof of the
existence of the inverse to A is complete. This also implies that the vectors P
(1 <i < d) arelinearly independent.

Thevectors PY, ..., Py constitute a basis of the space £. Thisyields that IT
has the form

1
H:VvA—l(VV)T :VV(VV)T + . QVVWWT(VV)T.
— VUV

Using the equaity R = VYW/(1 — v?), see (5.16), we immediately obtain the
required result.
2. Taking into account the equality ||R||? = v?/(1 — v?), see (5.28) and Proposi-
tion 5.5, we obtain

RMIX, = RTVY(VH)TX, + (1 - )RTRRTX,
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=1 —11/2 WIAVIHTX, + 1 *RTX, =
1
— (WTVI)TX, - WITWWT(VIHTX,) +*RTX,

=RTX, - V*RTX, +*RTX, = RTX,.

Using (5.28) we obtain the second statement of the proposition.
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CHAPTER 6

SVD of trgectory matrices

This chapter contains a rigorous mathematical description of four topics used
throughout Part 1 of this book: weak separability of time series, Hankelization
of matrices, centring in SSA, and specifics of SSA for deterministic stationary
sequences.

6.1 Mathematics of separability

The concept of separability iscentral in the SSA considerations. This concept was
thoroughly discussed in Section 1.5 from the standpoints of methodology and
practical implementation; here we mainly restrict ourselves to strict definitions
and analytical examples.

6.1.1 Definition and examples

Let F](Vl) and F](VQ) be time series of length NV and Fiy = F](\,l) + F](Vz). Under the
choice of window length L, each of the series ¥y, Fl(f) and Fy generates an
L-trajectory matrix: X1, X () and X.

Denote by £51) and £(5?) the linear spaces spanned by the columns of the
trajectory matrices X(*) and X . Similar notation £%°Y) and £/2 will be
used for the spaces spanned by the columns of the transposed matrices (X(1)T
and (XOHT K =N — L+ 1.

If gD | g2 and gD | ¢2) then we say that the series F{) and
FJ(VQ) are weaklyL-separable

For brevity, we shall usetheterm * separability’ instead of ‘wesk L-separability’
in cases when no ambiguity occur.

Let us elucidate the last definition. Suppose that the series F](\,l) and F](vz) are
L-separable. Consider certain SVDs of the trajectory matrices X (1) and X (2):

XW =3 VAUV, X® =3 oy Ui Vi
kl, k;

Then

X =X+ XO =N VA UV + >V dem UamVar,. (61)

k
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Proposition 4.2 of Section 4.1 tells us that (6.1) is an SVD of the matrix X.
Thus, the representation Fy = F(l) + F(Q) is natural from the viewpoint of the
SVD of the matrix X.

If F{") and F\?) are weakly L-separable and Ay; # Aoy, for all k and m, then
we say that g; and g, are strongly L-separable The difference between separa-
bility and strong separability can be expressed as follows. If separability occurs,
then an SVD of the matrix X exists such that we can group its termsin a proper
way and obtain F{) and F\?) interms of their trajectory matrices X(1) and X (2.
In the case of strong separability, we can obtain FNl) and F](\,2 for any SVD of the
trajectory matrix X. In this section we study features of weak separability.

Remark 6.1 Suppose that nonzero series FJ(V” and F](\,Q) are weakly L-separable.
Denote by d, d» the ranks of the trajectory matrices X(*) and X(?). Since

dy +dy =rank X < L,

both d; and ds do not exceed L — 1. Therefore, thetime serlesF ) and F ) have
L-ranks smaller than L and can be studied by the methods of Chapter 5.

In particular, Theorem 5.2 shows that if the vector e;, = (0,0,...,1)T does
not belong to the L-trajectory space of the series F'y, then both Fy; () and Fy @
satisfy certain LRFs of dimension L — 1.

1 1 2 2
Weset £y = (f§V, ... fyl) and FY = (f§2, .. f30).
Proposition 6.1 Let K = N — L 4 1. Time serlesF](vl) and F](\?) are weakly

L-separable if and only if
l.forany0 <k m< K —1

BORD = f i (62)
2.forany0 <m < K —1
P O, P =0, (6.3)
3. forany0 <k,m< L -1
f f(2) fk+Kf +K; (6-4)
4.forany0 <m <L -1
FOFP 4w f e 2 =0 (6.5)
Proof.
By definition, weak L-separability is equivalent to the matrix equalities
(XMNTX® = ogx  and  XOXOT =0y, (6.6)

Taking the first equality in (6.6) we obtain the condition

flgl)fg) +..F fliBLflfff-)i-L—l =0, 0<km<K-1,
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which is eguivalent to (6.2), (6.3). The second equality in (6.6) is equivalent to
(6.4), (6.5). O
Let us consider several examples of separation taking some simple test series

FI(Vl) and finding conditions for their separation from some nonzero series FZ(VZ) =
2 2

(f67 - SN ).

Example 6.1 Separatiorof a nonzeroconstant

Consider the constant seriesF](Vl) with £V = ¢ #0,0<n <N -1 Inthiscase

the conditions for separability are rather simple. Equalities (6.2) and (6.4) show

that the series Fy have both periods L and K. Therefore, there exists an integer

M suchthat L/M and (N +1)/M areintegersand theseri&sFJ(f) has period M.
Equalities (6.3) and (6.5) imply

e f, =0

For example, if £{2 = cos(2mn/T), where T and (N + 1)/T are integers, then
thechoice L = kT < N with k an integer implies separability.

Example 6.2 Separation of an exponential series
Proposition 6.1 implies that the conditions for separability of the exponential se-

ri&cf,(f) = e from aseriesF](\,Q) are exactly the same asthe conditions for sepa-
rability of the constant series f1 = ¢ = 1 from aseries F'{*) with f12) = eon (%),
Therefore, the exponential series is separable from a nonzero series Fj(vz) if and
only if there existsinteger 7' > 1 such that L/T and (N + 1)/T areintegers, T'
isaperiod of the series e £\?, and

T-1
Z @™ f(2) = 0.
m=0

For example, if (N +1)/L isaninteger, then the choice of window length L leads
to separation of the series £\ = e and f{? = e=" cos(2n/L).

Example 6.3 Separation of a harmonic series
Here we deal with the series £{") = cos(2mwn + ¢) assuming that 0 < w < 1/2
and L, K > 2. WesetT = 1/w. Theequality (6.2) leads to two equalities:

m

cos(2nwl) fT(fiL =2, sin(2rwL) fr(nQJ)rL =0,

0 <m < K — 1. Since F](VQ) is a nonzero series, it follows that 2L /T is an
integer. Therefore, two general situations can occur: if L/T isan integer, then the

series F](f) has period L; if L/T isnot an integer but 2L /T is an integer, then
ffflL = —£{2. In the same manner, (6.4) impliesthat 2K /T is an integer and
similar situation holds with K substituted for L.
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The equalities (6.3) and (6.5) yield apair of conditions:

L—1
Z ez2wwkf’£2) -0

k=0
K

y 6i27rwkf152) -0,
k=0
wherei? = —1.
Let us give atypical example of separation. For an integer 73 consider f,(LQ) =
cos(2mn /T ) assuming that L/T, L/Ty, K/T and K /T areintegers. Then FI(VU
and FJ(\?) are separable.

Example 6.4 Separation of an exponential-cosine series

Assume that f,gl) = e®" cos (2rwn + ¢). It can be easily seen that the conditions
for separability of this series from a nonzero series Fy coincide with the con-
ditions for separability of the harmonic series f}ﬁ = cos(2mwn + ¢) from the
series PP with f?) = eon f{?

Example 6.5 Separation of a linear series

Let £ = an + bwith a # 0. Then (6.2) hasthe form

ak f@ +0f® =ak £, + @L+0) 2, a#0,

andsince0 <k < K —1 wehavef(z) = f(f}rL and bfﬁf) = (aL+b)fm+L

Therefore, ff,,,) =0for0 <m < N—1.Asaresult, anonconstant linear seriesis
not separable from any nonzero series. A similar result holds for the polynomials
of higher order.

6.1.2 Approximate and asymptotic separability

For a fixed window length L, the definition of weak separability of series F\)

and F](VQ) isformulated in terms of orthogonality for their subseries. Thisleadsto
the natural concept of approximate separabilitgf two time series. For any series
Fy = (fo, - 7fN—1) we set

F; ':(fiflw‘wfjfl)a 1§Z§J<N
Let 7V = (f, W), PP = (1P, P ). Forij > 1 and
MSN—l—max(lj)Weset

&) (2
p(M) (Fz i+ M— I’FJ]+M 1)
2Y)

(6.7)
|| zz+M 1|||| +]M 1||

under the assumption that the denominator is positive.
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The notation ( -, - ) stands for the usual inner product of Euclidean vectors and
[| - || isthe Euclidean norm. If the denominator in (6.7) is equal to zero, then we

assume that pEM) 0.

The number p has the sense of the cosine of the angle between the vectors
Fz(BrM pand F J+M 1- Using the statistical terml nology, we can call pZ ) the
correlation coefficienbetween FZ(ZL M_q @nd F

(M)

] j+]\f 1"
Time serlesFI(Vl), FJ(VQ) are (weakly) e-separable for the window length if

(LK) def
P00 (| A0 W) <e 69)

K=N-L+1.

If the number ¢ issmall, then the series are approximately separabl®©f course,
if separable time series FI(Vl) and F](VQ) are dlightly perturbed, they become e-
separable with some small . Suppose that the parameters L and N provide weak
separability of the series F](Vl), FJ(VQ). Then another way from separability to ap-
proximate separability isin asmall perturbation of the parameters L and V.

The concept of approximate separability has its asymptotic variant. Consider
infinitetime series FV = (£, £\, . yand F® = (£, 12 ).
For each N > 2 let the series FI(V” and F](\,Q) consist of the first N terms of
the series F(1) and F'(?), respectively. Choosing a sequence of window lengths
1< L =L(N)< N,weobtain therelated sequence of the maximum correlation
coefficientgy = p(&-%) defined by (6.8).

If there exists asequence L = L(N) suchthat py — 0 as N — oo, then the
time series F(V and F(?) are called asymptotically separabléf F'(1) and F'(2)
are asymptotically separable for any choice of L suchthat L — oo and K — oo,
then they are called regularly asymptotically separahlé€onditions for regular
asymptotic separability can be written as follows:

Nao—1

> I
? J
(Nl,NQ) : max k=0

Jz (1)’ J Sy

0. (69

Now let us consider examples of asymptotic separability taking into consid-
eration the rate of convergence in (6.9). Since we will deal only with regular
separability, the term ‘regular’ will be omitted for brevity.

Example 6.6 Asymptotic separation of a constant series
1. Consider an oscillatory series of the form

fT(LQ) = Z ¢k cos(2mwin + ¢f) (6.10)
k=0
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with different frequencies wy, € (0,1/2] and some phases ¢y, € [0,27). We as-
sumethat ¢y, # /2,37 /2 if w = 1/2. Thenthe series (6.10) isregularly asymp-
totically separable from a constant seriesf,(f) =c#0.

Indeed, uniformly in4, j and N7, the numerator in (6.9) isO(1), while both fac-

torsin the denominator are of order NV, 172 Therefore, the rate of the asymptotic
separation of the series (6.10) from aconstant is 1/ min(L, K).

2. The exponential series f,(f) = e with « # 0 is asymptotically separable
from a constant series.

Notethat in this case theratio in (6.9) does not depend oni or 5. If a > 0, then
the numerator in (6.9) is of order ez, while the denominator tends to infinity as
e*N2 /N, Ny — oo. If a < 0, then the numerator tends to a constant, while the
denominator is of order Nzl/ % In both cases, the rate of the asymptotic separation
is1/min(v/L, vK), which israther slow.

If || is close to zero, then the true order of (6.9) is (|a|Ny)~1/2. Therefore, a
small « produces strong requirementsonthe sizeof L and K.

3. Consider an exponential-cosine series

fT(L2) = e cos(2mwn + @), (6.11)

a # 0.1f a > 0, then the numerator in (6.9) has the form O(e®"2), while the
denominator is equivalent to (:N21/ N2 For o < 0 the numerator tends to a
constant and the denominator is of order N21/ ?. Since the convergence is uniform
in4, 7, the rate of the asymptotic separation is 1/ min(v/L, VK).

4. Any polynomial series

2 = z:cknk7 Cm =1, (6.12)
k=0

is not asymptotically separable from a constant nonzero series. Indeed, in this
casefor fixed 7 and j, both the numerator and the denominator in (6.9) is of order
N as Ny — 0.

Example 6.7 Asymptotic separation of an oscillatory series

1. Consider two oscillatory sequences of the form (6.10) with digoint sets of
frequencies. Simple calculations show that this case is similar to that of separa-
tion of a constant from an oscillatory series, and the rate of separation is also
1/min(L, K).

Note that the actual separation depends on the distance between the two sets
of frequencies. For example, if we consider two harmonic time series with fre-
quencies 0 < wy < we < 1/2, then there exists a subsequence of N — oo such
that

C
No(wy —w1)’

In other words, if w; and w, are close to each other, thenboth L and K = N —
L + 1 have to be essentially greater than 1/|w; — wa|.

p(N1, No) ~
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2. Any polynomial (6.12) is asymptotically separable from an oscillatory se-
ries (6.10). In this case, the numerator in (6.9) has the form O(NZ"), while the
denominator is of order N;”“. Since the convergence is uniformin ¢ and j, the
rate of separationis1/ min(L, K).

3. Consider the exponential series F{*) with f{* =

In the same manner as in the case of an exponentlal and a constant series, for
a > 0 the numerator in (6.9) has the form O(e®"2), while the denominator is
equivalent to cN./2eNz, ¢ > 0. 1f o < 0, then the correlation coefficient is of
order N, /2 uniformly in i, j. The rate of separation is 1/ min(v'Z, V).

4. The result concerning separation of the series (6.10) from the exponential-
cosine series (6.11) is similar to the result obtained for (6.10) and the pure expo-
nential series; the rate of separation is also the same.

Example 6.8 Asymptoticseparationof a polynomial

1. Any exponential series f,(f) = e*™ with o # 0 is asymptotically separable
from a polynomial (6.12).

The order of decrease of the correlation coefficient (6.9) is O(N, . %), since
the numerator is of order O(N3*e*2), while the order of the denoml nator is
N™+1/2¢aN> The convergence is uniform in i and 7, and the rate of asymptotic
separationis 1/ min(v/L, VK).

2. Two polynomials are not asymptotically separable in the sense of conver-
gencein (6.9). This case is analogous to the case of a constant and a polynomial.

Example 6.9 Asymptoticseparationof an exponentiakeries

1. Two exponential series f,gl) = e*" and ff) = eP™ with nonzero o > 3 are
asymptotically separable from each other in the sense of convergence (6.9) if and
only if 8 < 0 < a.

It can be easily seen that if « and § are either both positive or both nega-
tive, then the expression (6.9) tends to a constant depending on « and (. If
the signs of « and (3 are different, the order of convergence to zero in (6.9) is
O(emin(—a.ﬂ)Ng)’ N2 — 00.

For stationary sequences (see Section 6.4) we use another definition of asymp-
totic separability. We say that two infinite time series (1), F(2) areweakly point-

wise regularly asymptotically separabifboth the window length . and K =
N — L + 1 tend to infinity and

(1) (2)
Z z+k m—+k
(1) (2)
Z ( n+k‘) Z ( m-l—k)

for any m,n > 0. Evidently, (6.13) follows from (6.9).

0 (6.13)

—
2 M—oo
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6.1.3 Separatiorof a signalfrom noise

According to our definition (see Section 1.4.1 for the related discussions and Sec-
tion 6.4 for the mathematical results), we consider the stationary noise series as
having a deterministic rather than random nature. Within this approach, it can be
demonstrated that, roughly speaking, any stationary signal is pointwise asymptot-
ically separable from any stationary noise (see Section 6.4.4).

However, the theory fails for nonstationary signals. We thus consider the prob-
lem of separating a signal from a random noise separately. Note that in this case
we shall deal with uniform separability of thekind (6.9) rather than with pointwise
separability defined in (6.13), though the latter is much simpler for the analysis
and more natural for deterministic stationary sequences.

Let (Q, F, P) be aprobability space and let F(1), F(?) be two random infinite
sequences. If thereexistsasequence L = L(V) such that the sequence of random
variables p&%) | defined in (6.8), (6.7) tends to zero in probability as N — oo,
then we call the random sequences F (1) and F(?) stochastically separable

When F() is anonrandom sequence (‘signal’), and F(?) isa‘ purely random’
sequence (‘noise'), it is convenient to introduce another notation.

Let ' = (fo,.--, fn,.-.) be some nonrandom infinite time series, while = =
(&0, .-+, &n, ... ) isarandom sequence with zero mean. The following conditions
are sufficient for stochastic separability of asignal F' from anoise =.

For any § > 0 let usintroduce the random event

K—-1
1 )
AL,K(é) = {w cN: Ogg‘%lg—l ? Eio §m+j < 5}

and set PL)K((S) = P(AL’K(é)) Let

~ def  firk

figg = ——
K-1
2
i+k
k=0

K-1
K7V2N 7 fornéion
k=0

and

—_ def
oL,k = Inax
4,j<L—=1

Proposition 6.2 If there exist > 0, L = L(N) and K = K (N) such that
maX(PL,K((S),PK’L(é)) — 07 maX(EL’K,EK)L) — O

in probability asN — oo, thenF' and = are stochastically separable.
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Proof.
We shall prove that there exist L, K — oo such that

K-1
‘ K25 fornéipn

k=0
max

T = — 0
i,j<L—1 K—1 1 K—1 L,K—oco
2
D TR 76 2 G

k=0 k:O

(K) def

in probability, and that the anal ogous convergence holds for p%) . Since
K
P >)
=P (o7 > ALk (0) +P(pl) > 2474 (0) (6.1

and the first term on the right side of (6.14) tendsto zero as L, K — oo, we need
to check the convergence of the second term. Inequalities

P(p(LK) > E7AE’K(6)> < P<EL’K > 817A5’K(5)> < P(EL’K > 51)

with e; = /6 lead to the convergence of p(K) The case of p(L) issimilar. O

Corollary 6.1 Any infinite time serie$’ is stochastically separable from Gaus-
sian white nois& if L, K — coandL/K — a > 0.

Proof.
Wesetd = 1-A,0 < A < 1. Applying the anal ogue of the Chebyshev inequality
for the fourth moment we obtain that

(ige)

1 K-1
= ( Z £m+J < A) O(K72)
m=0

uniformly in j. Then

N»—l

PLK( <LP<

Z & < 5) O(L/K?).

Since f2o + ... + f2x_, = 1 forany i, it follows that

K—-1
K) def rs
GO N Frdien € N(0,1)

with N (0, 1) standing for the normal distribution with parameters 0 and 1.
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Therefore, P(K—1/2\G§f>| > g) = 2(1 — B(K'/?%)) and

P(|ZL.kx| > ¢) < 2L(1 — ®(KY?%)),

where & standsfor the cumulative distribution function of the N (0, 1) distribution.
Since
1—®(x) ~ ! e

2rx

asx — +oo, the assertion is proved. O

6.2 Hankelization

By definition, an L x K matrix X isaHankelmatrix if its elements x;; coincide
on the ‘matrix diagonals i + j = sforany 2 < s < L + K. Our interest
in Hankel matrices is based on the fact that any Hankel matrix is the trajectory
matrix of sometime series Iy with N = K + L — 1 and vice versa.

Assume that we have some L x K matrix Y with elements y;;. Our aim is to
find a Hankel matrix Z = HY of the same dimension such that the difference
Y — Z has minimal Frobenius norm (see Section 4.2.1). The linear operator H is
the Hankelizationoperator.

Weset L* = min(L, K), K* = max(L, K)and N = L+ K —1.Lety;; = y;;
if L < K andy;; = yj; otherwise.

The following assertion can be found in Buchstaber (1994).

Proposition 6.3 Lets =4 + j. Then the elemeqf; of the matrixHY is

1
P 12:92‘,5_; for2<s<L*—1,
=1
1 &
Yij = EZyZH for [* <s < K* +1, (6.15)
=1
1 L
= Y U for K*+2<s<N+L
N—s—|—2l: —

Proof.

By definition, a Hankel matrix Z with elements z;; satisfies the conditions z;; =
gs for i + j = s and some numbers g;. Since the square of the Frobenius norm of
amatrix isthe sum of squares of al its elements, we obtain

L+K
1Y =Z[3% =Dy — 251> = D Y lyis —asl™ (6.16)
i §=2 itj—s
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Therefore, we must find the numbers g, such that the right side of (6.16) attains
its minimum. The result is well-known:

1
9s =1 Z Yij, (6.17)
1+7=s
where n stands for the number of (i,j) suchthat1 <i < L,1 < j < K and
i+j = s. Formula(6.15) isjust another form of (6.17) and gives exact expressions
for the g,. O

Remark 6.2

1. If wefix L and K and consider the linear space Mk of L x K real matrices,
then thesetM(LIQ of Hankel L x K matricesis alinear subset of M. If we
equip Mk with the (Frobenius) inner product (4.7), then the optimal Hankel
matrix of Proposition 6.3 is the orthogonal projection of the matrix Y onto the

linear subspace M(LI}? of Hankel matrices. Therefore, the linear operator H :

Mpg — Mg}? is an orthogonal projection operator.

2. Any Hankel matrix can be represented as the trajectory matrix of some time
seriesFy = (fo,..., fv—1)with N = L+ K —1. Formula(6.17) determinesthe
series Fiy with thetrajectory matrix that is nearest tothematrix Y: f,, = gn42.1n
terms of Section 1.1 the corresponding operator 33 performs diagonal averaging
of the matrix Y.

The restriction of the Frobenius inner product (4.7) from Mk to M(LIQ de-
termines the corresponding inner product on the linear space § 5 of time series of
lengh N =K+ L —1.

Letusfixintegersl < L < Nandsst K = N — L+ 1, L* = min(L, K) and
K* = max(L, K). For the weights

i+1 for0<i<L*
w; =< L* for L* <i< K*, (6.18)
N —q¢ for K* <i <N,

we define the inner productof serieﬁFj(vl),F](f) €8N as

N-—-1
(FOFD), S wifM (6.19)
=0
where ) and f*) are the terms of the series F\) and F?.
Proposition 6.4 Let X(!) and X(? be the L-trajectory matrices of the series
Fy andFy). Then(F), ), = (XM, X@) .

Proof.
Denote by 93571) and 175]2) the elements of the trajectory matrices X() and X(2).
Then, analogousto (6.16), we obtain

(X0, XO) = Sl

4,J
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L+K

= Z Z fs(i)gfs(i)g = anz+2fl(1)fz(2)
1=0

s=2 i+j=s

1 2
_ (P F)
where we have used the equality w; = n;42. |
It (F), F](f))w — 0, thenweshall call the series F\) and F'\?) w-orthogonal

w

Corollary 6.2 If theseriesF](Vl) andF](\,z) are weakly L-separablethentheyare
w-orthogonal.

Proof.

If FJ(\}) and FI(VQ) areweakly separable, then their trajectory matrices are biorthog-
onal in the sense of equalities (6.6). Therefore (see Section 4.2.1), these matrices
are orthogonal with respect to the Frobenius inner product. An application of
Proposition 6.4 now gives us the result. O

Remark 6.3 The w-orthogonality of the series follows from pairwise orthogo-
nality of the columns (or rows) of their L-trajectory matrices. Hence the notion
of w-orthogonality is useful not only for the SVD of the trgjectory matrices but
also for certain other orthogonal decompositions (for example, for the Toeplitz
and Centring SVDs).

6.3 Centringin SSA

Some features of Centring decompositions of general matrices were discussed in
Section 4.4. The case of trajectory matrices hasits own peculiaritiesrelated to the
problems of separability and special tasks of centring.

6.3.1 SinglecentringSSAandthe constantseries

Let us consider atime series Fy, some window length L, and let, asusual, K =
N — L + 1. Asdescribed in Section 4.4, the singlecentringSVDof the trgectory
matrix X of the series Fiy hasthe form

d d
X =A4(X)+ > VAUV = A(X) + > X, (6.20)
1=1 1=1
with
A(X) =& (X)1k, &i(X) = %xh( e RY, (6.21)

1x = (1,...,1)T € R¥, and (v/A;, U;, V;) standing for the eigentriples of the
SVD of the matrix X — A; (X). Evidently, 4, (X) is an elementary (unit-rank)
matrix.

Single centring is a standard transformation in principal component analysis.
It can easily be proved (see Proposition 4.8 of Section 4.4) that all the factor
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vectors V; are orthogonal to the constant vector 1. This property can be written
as& (Xz) = 0y,.

If we apply the decomposition (6.20) for the reconstruction of the series compo-
nent, then we can include the (first) average triple (/Ao(1), Uo(1), Vo(1)) defined
by

o =&EX)/IEX), Voqy = 1x/VE

and /Aoy = [|€1 (X)||v/K tothelist of eigentriples selected for reconstruction.
Thus, the definition of weak L-separability (see Section 6.1.1) hasto be dlightly
modified. Indeed, let Fy = F{) + F{?) and X, X)) and X2 stand for the L-
trajectory matrices of the series Fy, F](Vl) and Fz(v2) . If we assume that the trajec-
tory matrix X (1) can be expressed as the sum of some terms of the decomposition
(6.20), then the term A; (X) either belongs to the set of these terms or does not.

We can now give the following natural definition. The series F](\,l) and FI(VQ)
are weakly L-separableunder single centringif either £, (X)) = 0y, and the
matrices X1, X(2) — A;(X(?)) arebiorthogonal, or £ (X)) = 0, and X is
biorthogonal to X1 — A; (X)),

This definition of weak separability gives rise to a new series of examples,
which are analogous to those provided in Section 6.1.1. Most of the results are
similar, and we do not discuss them here. We consider only the simplest example
of separation of a constant series where the difference from the previous case is
apparent.

(a) Separatiorof a constantseries

A specific interest in centring in SSA isin connection with the fact that for any L
the transformation X — X — 4, (X) transfers the trgjectory matrix of a constant
time series to the zero matrix. In other words, if the series Iy is a constant series,
and X stands for its trgjectory matrix, then 4, (X) = X.

To extract a constant seriesFJ(Vl) fromthesum Fiy = FJ(V” + F{¥, we need not
take into consideration the eigentriplesin the SVD of the matrix X — A, (X). All
we need isto consider the average term A4, (X). In view of the equality

A (X) = A (X)) + A (XP) = XD+ 4,(XB),
the conditions for separability of the constant series F](vl) from a series FI(VQ) is
the equality A; (X(®) = 0pk. This means that £ (X(?)) = 0, or, in terms of
elements f,(f) of the series F](\,Q),

O+ 4 e =0, i=0,..,L-1. (6.22)

Therefore, the series FI(VQ) is separable from a constant with the help of the first
average triple if it has period K and its average with respect to this period is
zero. Note that these conditions are weaker than those given in Example 6.1 of
Section 6.1.1.
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(b) Asymptoticseparationof a constantseries

Now let us turn to asymptotic separability of a constant series in case of single
centring. For fixed L, K we denote by 58 = 8-+%) the diagonal averaging oper-
ator. It transfersany L x K matrix Y into thetime series ' = F(Y) by diagona
averaging of the matrix Y (see Section 6.2). In terms of Section 1.1, if Y isthe
resultant matrix, then F' = BY isthe corresponding reconstructed series.

Suppose F(1) is an infinite constant series, F(?) is some infinite series, and de-
note by £\ and F?) the series consisting of thefirst IV terms of the series F(1)
and F®, Weset Fy = F{" + F{?) and denote by X(1) and X(?) the correspond-
ing trajectory matrices for some window length L. Note that A, (X(1)) = X1
and A, (X)) = F{V.

Thus, if we reconstruct FJ(VI) with the help of the average triple, then (using

the linearity of the operators .4; and 9B3) we obtain the series FI(VI) + PA (X)),

Therefore, the series Ay & P.A; (X)) can be regarded as an error series.

Let usassume now that N — oo and L = L(N). Our aimisto find conditions
guaranteeing that each term §;, of the error series A tendsto zeroas N — oc.
In this case we shall say that the constant series F](Vl) isasymptotically separable
from Fj(f) with the help of the first average triple

This definition corresponds to pointwise asymptotic separability of the kind
(6.13). To obtain an analogue of the asymptotic separation in the sense of (6.9),
we must require the convergence 6, — 0 be uniform with respect to k.

Proposition 6.5 Assume that one of the following conditions is valid
1. min(L, K) — oo and

— 0, i>0; (6.23)

2. L is bounded and6.23) holds uniformly with respect to

Then the constant seriés(vl) is asymptotically separable from](f) with the help
of the first average triple.

Proof.
We demonstrate the validity of both assertions at the same time assuming for
brevity that L < (N + 1)/2. By (6.15) and (6.21), we have

k+1

1
— > v for0<k<L-2,
k+1 4
1 L

Sp = zZyi forL-1<k<K-1, (6.24)
[ Z yy for K <k<N-1,
N_ki:k—K+2
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where y, stands for the ith component of the vector & (X(?)). More precisely, if
we denote by £, the terms of the series FJ(\,Q) , then

1
vi= ( O 12 1) (6.25)
Since K — oo, it follows that y; — 0 for any i. Therefore, 6, — 0 for
k<L —2.1fy; — 0 uniformly in 4, then §;, — 0 uniformly in k. O

We observe that the conditions for asymptotic separability of a constant series
under centring differ from the related conditions in the case with no centring; see
formulae (6.9) and (6.13).

(c) Stochastic separability

Let us take a random sequence = = (& ..., &y, - ..) with zero mean and a co-
variance function R (4, j) and consider the problem of the asymptotic stochastic
separation of a constant signal F' from a noise = in the sum F' + =. For fixed
N and window length L, we denote the truncated series Fy and = in the same
manner as in the previous section.

Let usfix thewindow length L and denote by X and H the L-trajectory matri-
ces of the series 'y and = . Then the random process

Fy = PA (X + H) = Fy + BA (H)
is an unbiased estimator of the constant series Fiy. The general term n; of the

process ¢y def P.A; (H) is obtained by (6.24), (6.25) with the replacement of

fi@) by &; in (6.25). This process has the meaning of a (random) estimation error.
The covariance function of the process & can easily be written. Let usrestrict
ourselves to the variance of the process 7, under the assumptions N — oo and
L <K =N — L+ 1. Evidently, En;, = 0.
To be in accordance with (6.25), weset §; = (§;—1+ ...+ &+x—1) /K. Then

K-1
..\ def 1 . )
Re(i,§) = EG¢ = 2ZR5(z+m,j+l).
m,l=0
Thus,
k+1
k—l—l ZRCZJ for0<k<L-2,
Dy = EZRC(i,j) for L-1<k<K-1,
i,j=1
. L
e > Re(iyj) for K<k<N-1.
(N —k) i j=k—K+2
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Suppose now that | Re (k,m)| < ce~?1F=™I with some positive 3. Then it can
be easily checked that |R. (i, j)| = O(K 1) fori,j < K. Thus, if K — oo and
L < K, then

sup D =O0O(N1h)
0<k<N—-1

as N — oo.

6.3.2 Doublecentringandlinear series

The double centring version of SVD of an L. x K matrix X was described in
Section 4.4.2. The decomposition has the form

X = AP(X) + > VAUV, (6.26)

i>1
where
AT(X) = A1(X) + Az (X) — A; (A3(X)),

A1 (X) isdefined in (6.21) and the expression for A2 (X) can be found in (4.33),
(4.34).

Whereas A; (X) isamatrix with equal columns &; (X)) resulting from the row
centring of the matrix X, the matrix A, (X) has equal rows (£,(X))" corres-
ponding to the column centring of X.

The matrix A;2(X) o A1 (A2(X)) is amatrix with the identical elements.
They are equal to the average value of all the elements of the matrix X. The sum

on the right side of (6.26) is the SVD of the matrix X” % X — 402)(X). The
decomposition (6.26) can be rewritten as

X = A (X) + A (X)) + > X; (6.27)

i>1

where X' = X — A;(X) and X; = v\, U; VT,

According to Section 4.4.2, al the terms on the right side of (6.27) are ele-
mentary pairwise orthogonal matrices. Both matrices A, (X) and A5 (X’) can be
expressed in terms of the first and second average triples (see Section 1.7.1).

Double centring is used in multivariate statistics (Jolliffe, 1986, Chapter 12.3)
but it seemsto be alittle exotic there.

In SSA, the matrix X is the trgjectory matrix of some time series Fiy. If the
decomposition (6.26) is performed, then the reconstruction is obtained in the usual
manner: after grouping the terms of the double centring decomposition (6.26), we
apply the diagonal averaging operator 9 to each resultant matrix and arrive at the
decomposition of the initial series Fly.
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(a) Separation of a linear series

The following proposition shows that a linear time series plays the same role for
double centring as a constant series for single centring.

Proposition 6.6 If X is an L-trajectory matrix of a linear serieg'y, then
AU (X) = X.

Proof.
Let f,, = an + b be the general term of the series Fy. Then the L-trajectory
matrix X of the series Fiy has the el ements

Tij :a(i+j_2)+b:fifl+fjfl_

(1<i<L,1<j<K).Denote bya ?) the elements of the matrix A2 (X).
Then

L K
1 _ Z Tom + Z% ) I (6.28)

=1 k=1m=1

The three terms on the right side of (6.28) areequal to f;_1 +0.5fx_1 — b/2,
fi—1+0.5fp—1 —b/2and 0.5(fr—1 + fx—1), respectively. This clearly implies
the required result. |

We have thus arrived at the conditions for extracting a linear series with the
help of double centring. Let Fy = FJ(Vl) + FJ(VQ) and suppose that FI(Vl) isalinear
time series. For agiven window length L we have the following representation of
the corresponding trgjectory matrices.

X =X X3, (6.29)
Applying the linear double centring operator A('?) to (6.29) we obtain that
A (X)) = XM 4 402 (x2)),

If the matrix Z ¢ A(12)(X(2 ) is the zero matrix, then double centring will
separate the linear series F ) from the series F(Q) with the help of both average
triples.

Denote by fé?) the terms of the series F](Vz). The condition Z = 0pk can be
rewrittenin the form

k=1m=1
1<i< L, 1 <j<K). If we sum the equalities (6.30) over 1 < j < K for
fixed ¢, then we arrive at the equality

Py =0 (6.31)
whichisvalidforany 0 < ¢ < L — 1. In similar fashion,
B+ i = (6.32)
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forany 0 < j < K — 1. The conditions (6.31) and (6.32) are the conditions
of Example 6.1 (see Section 6.1.1), where separation of a constant series from
another series was discussed.

Asaresult, if thereexists M > 1 suchthat M isadivisor of both Land N —1,
the seriesF](f) has period M and

SRS

and then double centring separates the linear series F ) from F(2 under the
choice of the window length L and with the help of both average tri ples

(b) Asymptoticseparability

The concept of asymptotic extraction of a linear series under double centring is
similar to the case of single centring and a constant series.

Suppose that F(V is an infinite linear series, F(?) is an infinite series, and
denote by FJ(VI) and FI(VQ) the series consisting of the first V terms of the series
FO and F)

We set Fy = F\) + F\?) and denote by X(¥) and X(® the corresponding
L-trajectory matrices for some window length L. Note that in view of Proposi-
tion 6.6, we have A1) (X)) = X1 and therefore BA12) (X)) = F{M.

Thus, if wereconstruct F](Vl) with the hel p of both averagetriples, then using the
linearity of the operators A('?) and 8 we have an error A{{? ' 3402 (X (@),
Asbefore, 9B stands for the diagonal averaging operator.

Now let us suppose that N — oo and L = L(N). Our aim isto obtain condi-
tions guaranteeing that all the terms 65> of the error series A%z) tend to zero as

N — o0.
Inview of (6.28) the element a(.J.V) of the matrix A2 (X)) is
o) — () (2) - (2)
N 2 2 2
Aij K Z + L Z fk‘f‘] I K Z Z fk+’rn7 (633)
m=0 k=0 k=0 m=0

where the f(z) are the terms of the series F(),
Since P isalinear averaging operator, we can easily obtain 6,
n, if min(L, K) — oo and

12 _, 0 for any

M—1
E: (2)

M itJ ]M—wo
j=0

for any ¢ (see Proposition 6.5).

(c) Stochastiseparability

The conditions for separability of a linear signal from a general random noise
under double centring can be derived in the manner of Section 6.3.1. However,
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the corresponding covariance function is rather cumbersome, and we thus restrict
ourselves to the simplest (and, in a way, the main) particular case of a random
white noise series.

Suppose that we have an infinite linear series F(V with £\ = an + b and a
white noise series = = (&g, ..., &,,...). Assumethat E¢, = 0, D¢, = o2 and
E&.&n = 0forn £ m.

If we cut both series at the moment of time N — 1, we then obtain afinite linear
seriesF](\,l) and the corresponding noise series= . We set Fiy = F](Vl) +ZN.

Under the choice of window length L = L(N), we obtain the L-trajectory
matrices X, X() and H of the series Fly, Fj(vl) and =y, respectively. We then
apply double centring to the matrix X. If we select both average triples in the
double centring SSA for reconstruction, we obtain the series F ) with fn b =
an + b+ 4, where ¢,, can be considered as the general term of a random error
series A . Evidently, Ed,, = 0. Our aimisto investigate the variance of the series
On.-

To simplify al the expressions, we consider thecaseof odd N and L = K =
(N +1)/2. Thenitissufficienttoconsider 0 <n < L — 1.

The series Ay hasthe form

N = PAT(H) = PA; (H) + PA(H) — PAo(H).

Wesetn; = (& + ...+ &1r—1)/L. Then the matrix B.A;2(H) has identical
elementsthat areequal to (19 + ...+ nr—1)/L and, since L = K, we have

PAL(H) = PAy(H).

Thekthterm (1 < k < L) of the seriesB.A; (H) isequal to (ng + ... +nr_1)/k.
Therefore, for 0 < n < L — 1, theterm §,, of the series A 5 hasthe form

9 n 1L—1
5n=n+1Zm—zZm
fQL_””Zh . S (6.3

1=n+1

It is easy to check that En;n; = o*(L — |i — j|)/L? 0 <i,j < L — 1. Weset
7 = (n+ 1)/L. Inthisnotation

D <§n: m) _ T2L(1 - 7/3) +0(1), (6.35)
=0

L—1
D ( Z m) =o%(1 - 7')2L<1 —(1- 7')/3) +0(1) (6.36)

i=n-+1
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and

n L—1
E (Z nny nj) = 0.50%7(1 — 1)L + O(1). (6.37)

i=0  j=ni41
Since
2 1 2—7

n+1 L 7L °
we obtain from (6.34), (6.35), (6.36) and (6.37) that
202 9 9
Forn > L — 1 wehavetouse2 — 7 in place of 7 in (6.38).

Theresult (6.38) is dightly worse than that obtained for the standard maximum
likelihood estimator. More precisely, formula (1.4.9) in Draper and Smith (1998,
Section 1.4) gives us 0.502(4 — 67 + 372)/L for the order of the variance (for
n < L — 1); thisresult should be compared with (6.38).

Nevertheless, the examples of Section 1.7.1 show that for relatively small IV,
double centring should be preferred to linear regression in the problem of extract-
ing alinear tendency from atime series.

6.4 SSA for stationary series

This section is devoted to the study of the properties of SSA applied to determin-
istic stationary sequences.

First, we describe the notion of a deterministic stationary sequence and write
the spectral representation for such a sequence. This representation is analogous
to the spectral representation for arandom stationary sequence; this material isin
accordance with Brillinger (1975, Chapter 3.9).

Second, Section 6.4.2 is devoted to the classification of stationary series. With
respect to the structure of their spectral measures, these series are divided into
three classes:. periodic, quasi-periodic and aperiodic (or chaotic). Thisdivisionis
useful in the theory of chaotic dynamica systems (see, for example, Schuster,
1995), where the transition from periodic to quasi-periodic and then to chaotic
motion indicates an increase of the level of the system complexity.

Onthe other hand, the class of (Bohr) amost-periodic series and functions, con-
nected with problems of wave mechanics and thoroughly studied in the literature
(see the bibliography in Corduneanu, 1968), is a good example of deterministic
stationary sequences with a discrete spectral measure.

Third, we briefly consider the question of the asymptotic behaviour of the SVD
of Hankel matrices associated with stationary series. We discuss several results
concerning the asymptotic distribution of the eigenvalues and eigenvectors of
Toeplitz matrices (see Grenander and Szego, 1984). These results are useful for
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SSA since they help to identify the eigentriples of series with a complex structure
and explain some phenomena discussed in Chapter 1.

The last two sections are devoted to weak separability of stationary series and
therole of periodogram analysisin their study.

6.4.1 Spectral representation of stationary series

Let us start with the following definition (see Brillinger, 1975, Chapter 3.9).

Definition 6.1 Let F' = (fo,..., fn,.-.) beatime series. The series F' is called
stationaryif there exists afunction Ry (k) (—oco < k < +o00) such that for any
k,1>0
det 1 =~
N e
RYOKDE 53 fermfrom — Rp(k=1). (6:39)

m=0

If (6.39) isvalid, then R/ is called the covariance functiomf the stationary series
F.

The following proposition shows that if the limit (6.39) exists, then it depends
onthepair (k,1) only viak — I.
Proposition 6.7 Suppose that for ank, [ > 0 there exists a finite limit

N—-1
Rf(kal) = ngrnoo N Z fk+7rzfl+7n~

m=0

ThenR}(k +n,l4+n)= R’J:(k:,l) foranyk,l,n > 0.

Proof.
If £ >, then

1 N-1 1 N—1+1

N Z fk+7rz,fl+m = N Z fk—l+jfj

m=0 7=l
| Nt 1
=N > froreifi— N > fooirilie (6.40)
j=0 §=0

Since thefirst term on theright side of (6.40) tendsto 2 (k — [, 0) and the second
isO(N~1), the proof is complete. 0

Proposition 6.8 Let R be the covariance function of a stationary seriesThen
there exists a finite measure, defined on the Borel subsets(ef1/2,1/2] such
that

Ry(k) = / 2Tk ().
(=1/2,1/2]
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Proof.
For any n > 1, any integer k, and any complex z, (1 < p < n) we have

n N-—-1
1
E Zi%m 5 zE—o TR

jym=1

N—

—

n

2

=0  j=1

1
N
Therefore, the function %" is positive semidefinite. Since the class of positive
semidefinite functions is closed under pointwise limit transition, the covariance
function R; is also positive semidefinite. Hence, in view of Herglotz's theorem
(Loéve, 1963, Chapter 1V), we obtain the required result. O

The measure m is called the spectral measuref the series F. If m; is ab-
solutely continuous with respect to Lebesgue measure with the Radon-Nikodym

derivetivep, then py iscalled the spectral densitpf . Accordingly, the function

D (w) ef my¢((—1/2,w]) isthe spectral function

Since F' isareal-valued series, Ry (—k) = R (k), and the spectral measurem s
hasthefollowing property: if AisaBorel subsetof (—1/2,1/2), thenm(—A) =
my¢(A). Therefore,

Ry(k) =2 / cos(2mkw)m ¢ (dw) + (—1)Fm({1/2}).

(0,1/2)

The spectral density can be considered as an even function: py(—w) = ps(w).
The following proposition shows that we can extend the domain of stationary
sequencestotheset Z = {+n,n =10,1,...}.

Proposition 6.9 Let F' be a stationary series with a covariance functiBp. Let
gn = fin forn € Z. Then for allk,l € Z we have

N—-1
1
SN —1 > Gkrigi v Bk =10).
j=—N+1

Proof.
Supposethat k£ > 1 > 0. Then

N-1

1
ON — 1 Z Jk+5 9+
j=—N+1

1 N—-1 1 N—-1
QJV_I§fk+]fl+]+2N_1jzkfj—kf]—l+0(N )

Since both terms on the right side of the above equality tendto 0.5R¢(k — 1), the
assertion is verified. Other casesfor k, [ are analogous. a
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From now on, if necessary we shall assume that a stationary sequence has the
domain Z.

Let us introduce some more notation. For fixed k € Z, we write e, (w) for the
imaginary exponentia e??™*“ w € (—1/2,1/2]. In the same manner, for fixed
ke ZandatimeseriesF = (..., f-2, f-1, fo, f1, f2,-..), wedenote by F}, the
series G with g, = frin-

Let I be a stationary series with covariance function R;. Denote by L the
linear space spanned by the series Fy, k € Z, with complex coefficients. The
formula

N-1
Yo frsifipy=Re(k=1), (641

j=—N+1

N—oo 2N — 1

extended to £ by bilinearity, defines an inner product in £ ;. The corresponding
norm isdenoted by ||| - |||-

Moreover, if we consider the Hilbert space Lfc of complex functions that are
square integrable relative to the spectral measure m ¢, and we denote by (-, - )

and || - || the corresponding inner product and the norm, then
[Py ] = / e e my (dw) = (ex, e1)
(=1/2,1/2]

and for finite linear combinations H; = Zj ajFy, and Hy = ), BiF o,
{Hl,Hg] - (ZajekJ,ZBleml)f. (6.42)
j l

Denote by £(¢) the linear subspace of L? spanned by the imaginary exponents

er € Z. Then (6.42) shows that the linear spaces £; and £(¢) are in natural
one-to-one isometric correspondence;

;Cf 5 H= Zaiji — Zozjekj =€ £
J J

Evidently, thisisometric correspondence of £; and £(¢) can be extended to their

closures H; = L£; and L2 = £() in the corresponding agreed norms||| - ||| and
[| - ||. Therefore, we obtain the Hilbert space H ; isometric to L?c and equipped
with theinner product |-, -] and thenorm ||| - |||.

To point out a difference between the stationary time series and the elements
of Hy, wewrite H) = H®) if H) and H®) areidentical elements of H . For
two time series HY, H® € H; wehave H) = H® if and only if

N-1

1 2
2N — 1 2 ‘hg) - hf)‘ N (6.43)
n=—N+1 >
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Therefore, the stationary series I coincides with the zero series 0 in 7 if and

only if
1 N—-1
9N — 1 >, Ml 0
n=—N+1

Analogously, the sequence of stationary series
FO = () pbm) o gm) oy ey
tendsto 0 in H if and only if

2
lim_ ||| _o.

m— 00

f7(lm)

2 . . 1 —
’ = Jm Jim e D
n=—N+1
The following theorem is similar to the Cramér spectral theorem in the theory
of stationary processes (for example, Rozanov, 1967, Chapter 1, §4). The proof, in
the main, corresponds to Brillinger (1975, Chapter 3.9). Weset I = (—1/2,1/2].

Theorem 6.1 LetF be a stationary series with covariance functiBp and spec-
tral measuremy. Then

1. There exists a function/; : I — H; such thatM has finite variation in
Hyandforallk € 2

Fk i/ek de. (644)
I

2. For all wi,wg €1
[Mf(wl),Mf(wQ)} = @ (min(wy, ws)). (6.45)

Proof.
Let H € H; and consider ¢ € L7 suchthat H « 1. Asty def o € L3, there

existsaunique H, € Hy suchthat H; « ;. Setting UH def H, we obtain the

operator U : Hy +— Hy.
In view of the isometry H; < L7, it is easy to check that U is a unitary
operator. Indeed, for any H € H; with H < 1) we have

U 'H « e_1Y
andfor HV — () H®@ — 2)
[UHO, UHE)] = (1), e20®);
= [P s e gD w)m ()

I
= 0,y = [HO, 7], (6.46)
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Moreover, Fy, < e implies UFy, < ex4+1 < Fi41, and therefore U has the
meaning of the trgjectory shift operator.

According to the theory of the spectral representation of unitary operators (see,
for example, Riesz and Sz.-Nagy, 1990, Chapter VI, §2), there exists a unique
spectral family{&,,, w € I'} of operators &, : Hy — Hy such that

U / (2GS, (6.47)
I

Recall that afamily of operators {S,,,w € I'} iscalled spectral if
1 6., 06, = Guin(w, w.) (@ thus &, isaprojection operator for any w);
2. 6,40 = 64, Where S,,1¢ standsfor the strong limit lim &, ;

w1 lw
3. 6_1/240 = 0, &1/ = 1, where 0 stands for the zero operator and 1 denotes
the identity operator.

To understand the nature of the spectral operators &,,, we observe that if H ¢ >
H < ¢ € L}, then

Hy 2 6,H < 1,9 € L} (6.48)

where 1,, isthe indicator of the set (—1/2, w:
L(en) = {
Indeed, if we define the operator family {S,,,w € I'} by (6.48) and set G =

Sw, — 6, for A = (wy,ws], then for any H < 1) and any elementary complex
function

1 for wy < w,
0 forwy > w.

def
g = Cm]-Ak

m

we can define the H ¢-valued integral

Lxm::/ﬁ@Aﬂ6wH7¥¥§jcm6AmH
I m
and check that

Jpa (91), Jpe (92)] = /91§2¢1E2dmf = (9191, g212) ¢ (6.49)
I

for elementary functions g, g» and HM, H?) ¢ ‘H; such that H) « ), and
H®) s q,.

Now, teking H; > H « ¢ € L} and g € L*([¢)[*dm), we get the H y-val ued
integral

7waJmm:/QWM@uﬂ~wwev,
I
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which isformally defined via the convergence g,, — g wherethe g,, are elemen-
tary functions approximating g in L2(|1)|2dm ). The equality (6.49) holds also
under the assumption that g141, gatps € L.

If wetake g = ey, then we obtain

Tuler) = [ €A, H) < e o UH
I
and therefore

UH = / e d(S L H); (6.50)
I

this representation can be considered as aweak form of (6.47).
In similar fashion, if wetake H = F' < ¢ and g = e, then

Ju(er) = /em’wd(GwH) o epp - UPH
I
and

UFH = / e (S, H). (6.51)
I
Teking H = F we get (6.44) with M,(w) = S, F, in view of the equality
U*F = F},.
Since F' «+ 1 and using (6.48) we obtain

[GMIF, GWF} = /1wlledmf = & (min(wr,ws))
I
and the proof is complete. O

Remark 6.4 Properties (6.44) and (6.45) are similar to the spectral representa-
tion of arandom stationary process in terms of the Fourier transformation of the
stochastic orthogonal measure corresponding to the spectral measure of the pro-
cess. Indeed, (6.45) means ‘orthogondity’, and My (w) = &, f corresponds to
the cumulative distribution function of the ‘ stochastic orthogonal measure’.

Remark 6.5 The result of Theorem 6.1 remains valid for stationary sequences of

the form F' = (fo, f1,-.., fn,...) if we define the inner product of the series
G17G2 c Cf as
LN, 0@
_ . - (1) 2
[G1,Ga] = Jim — gog g, (652)

In this case, the operator U is isometric but not unitary. Since we do not use the
spectral representation (6.47) directly, thefinal result is still valid.
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Proposition 6.10 Under the conditionsof Theorem6.1, for any H € H; and
wo € I wehave

N-1
1 —i2Tnw n H
~ z% e~ MW Un | NTf;o (Suy — Suy—0)H. (6.53)
Proof.
Let H < 1. By (6.51),
1 N-1

N Z e—i27rnw0 U"H

n=0

1 N—-1
~ / (N Z ei27rn(w—w0))d(6wH)

_ Z27TNOJ wo)
/ N d(&,H) (6.54)

1 — ei2m(w— wo))

where the integrand is assumed to be 1 if w = wy.
Since
(€~ St = [ d(©LH),
{wo}
we obtain
| N2 Y : 2
= D TN U — (84, — Gug—0)H

n=0

_ z27rN(w wo)

‘ N ei2m(w— wo))

|¢|2(w)mf(dw). (6.55)

IN\{wo}
Itis easy to see that

1 — ei2nN(w—wo) |2 B sin2(7TN(w —wo)) < ¢
N(l — eiZTr(w—wo)) - N2 SiHQ(W(W - WO)) T e2N?

for |w—wp| > ¢, and the same expression is O(1) uniformly on N for |w —wp| <
e. Sincey € Lfc, theright side integral in (6.55) tendsto zeroas N — oc. a

Remark 6.6
1. In view of the equality

11(Suwq = Gu—0) HIII* = [¥1*(wo)my ({wo}),

the left side of (6.53) tends to the zero element of H; for any H if and only if
my({wo}) = 0.
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2. If wetake H = F', then (6.53) can be rewritten as
N—-1
H

1 .
¥ Y e |, N?foo M (wo) — My (wp — 0). (6.56)
n=0

The right side is equal to zero if and only if m({wo}) = 0. The convergence
(6.56) means, in particular, that

1 N-—1
(5>

n=

2

1 T-1 1 N-1
IERT —1i2Tnw
=Jm oy > |y RieT
k=—T+1 n=0
1My (wo) — My (wo = 0)[[1* = my({wo}). (6.57)

N‘P

3. If wetake H = F and wg = 0, then we cometo the ‘Law of Large Numbersin
Hy’ result for stationary sequences: the convergence

N—o0

1 = H
¥ > F, =50 (6.58)

takes place if and only ifa ;({0}) = 0.
4. 1t follows from (6.53) that

-1 N—
1 —12Tnw1 n 7227\'77,0.)2 n
— E e U"H E U'H| — 0

— N—o0

if w1 # w2.

6.4.2 Classification of stationary sequences
(a) Periodic series

If atime series F' has an (integer) period T', then its terms f,, can be expressed as
(T/2] 4
fo= Y cpenT (6.59)
k=—[T/2]+1
with [z] standing for theinteger part of z. Since F' isareal-valued series, it follows
that C_| = Ek
Using the equality
N-1 (/2]

1 ) )
N fn+jfm+j _ Z Ckél€l2ﬂkn/T€7l2ﬂlm/T IN(]C7 Z)
§=0 kl=—[T/2]+1
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with
1 = 1 for 1=k
- 27rkj/T —i2nlj /T =h,
NZO © N:;o{o for [ #k,

we can see that the periodic series F' is stationary with covariance function

(T/2]

Rf(n) _ Z |Ck|2€i27Tkn/T.
=—[T/2]+1

This function aso has period 7. The spectral measure is supported at the points
wi = k/T with weights |c;|2. In terms of the spectral function,

Opw)= > el
k/T<w

The space H is finite-dimensional, and it is isometric to the complex vector
space L3 = {4y} = {(a_[r/241,---» ar/2)) } equipped with the inner product

(/2]

(CRISIESY |Ck|204k)a§f)-

k=—[T/2]

On the other hand, if we denote

M(”) Z Ck ez27rkn/T
k/T<w
then
fern _ Z ckeiQTrmk/TeiQka/T _ /ei27rwmdMJ(cn)(w).
k I
If we set

Myp(w) = (..., M§ D (w), M7 (), M (W), ...),

f
then we come to the equality (6.44), which is now the pointwise equality.

(b) Almost periodic sequences

If the spectral measure m of a stationary sequence F is discrete, then this se-
guence will be called a generalized almost periodigGAP) sequence. A genera-
ized almost periodic sequence F' is generalized quasi-periodic the support 2
of the measure m  is not asubset of any grid {k/T'}, where T is an integer.

Let the measure m s be supported ontheset Q¢ ={w,wo, ...} C (—=1/2,1/2],
and suppose that m ¢ ({wy, }) = di > 0. Since the measure m isfinite,

myp((—1/2,1/2]) = d} < o.
k
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Duetotheassumptionthat F' isreal-valued, theset 2 N (—1/2,1/2) issymmetric
around zero.

A simple example of ageneralized quasi-periodic serieswith aspectral measure
m ¢ supported on €24 can be described as follows. Denote by ¢, acomplex square

root of d? and assume that ¢, = ¢ if wy = —w;. For wy = 1/2 wetake ¢, asa
real square root of d. If
len]| + .o+ Jek] + ... < oo, (6.60)
then we define
fo= ) e’ (6.61)
wkeﬂf

We can now check in the manner of the previous paragraph that this series is
stationary with covariance function

Rp(n) = Y |[ex|?e™™m. (6.62)
wREQy
If the set Q¢ is not a subset of the grid {£k/T'} with an integer T, then the se-
ries (6.61) is called quasi-periodic. (See Berge, Pomeau and Vidal, 1986, Chap-
ter 111.3.2, for examples and discussion.)

In addition to the series of the form (6.61) satisfying (6.60), there is another
class of the stationary sequences with covariance function (6.62). By definition
(see, for instance, Corduneanu, 1968, Chapter 1, or Osipov, 1988), a series F' is
called a Bohr almost periodigbriefly, Bohr) seriesif for any £ > 0 there existsa
trigonometric polynomial series

To= (..t ¢9 )
with

M
t&) = E am e W, € 1,
m=1

such that sup | f,, — tgf)| <e.

nez
The clasg of Bohr seriesis closed under addition and term-by-term multiplica
tion and includes the periodic series. Moreover, if F'isaBohr series, then for any
k € Z, the shifted series I}, is also a Bohr series.
It can be proved (see Corduneanu, 1968, or Osipov, 1988) that Bohr sequences
have the following properties:
1. For any m € Z there exists alimit

N —o0

1 N—-1
lim ];) Fram = My (6.63)

The number 91, does not depend on m and the convergence in (6.63) is uni-
forminm;
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2. It follows from (6.63) that the sequence
1 N-1
N .
Rﬁc '(m,j) = N > fermbeti
k=0

converges uniformly in m — j to anumber R¢(m — j). Therefore, any Bohr
sequence is a stationary segquence;

3. If Fy, F; are Bohr sequences, then the limit
! NZ_l Ore)
. 1 2
[Fl’F2} =y =0 fts

is finite and can be used as the definition of an inner product of £} and F5.
If we take the closure of the set of Bohr sequences in the norm generated by
thisinner product, then we come to the Hilbert space H with the inner product
[+, -]andthenorm ||| - |||.
For any Bohr sequence F', the space H ; is a closed linear subspace of H;
4. Define the sequence
Cw = (..., e 12T miIMW | gimw pi2mAw ),

Then there exists acountable set 0y = {w1, w2 ...} C I such that

N—oo

N-—1
em & [F, ewm} = lim % kZ:O fre 2Tk £ 0. (6.64)

For w ¢ Q1 thelimit (6.64) existsand isequal to zero. The numbers c,,, satisfy
the inequality |c1]? + |c2|? + ... < oco. The set 2 is called the spectrum of
the Bohr seried’.

5. Foranyl € Z

for w = wy,.

0 for w ¢ Qy,
[Fre.] = { o ot £y (6.65)
6. If I" and G are Bohr series, then

{F, G] - wegf;gg [F ew} {G, ew] (6.66)

7. The decomposition

o~ Y cgetmesn (6.67)

k
isvalid in the sense that

m
H’F — Z Ck€uw,

’ — 0.
m—00
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It follows from (6.65) and (6.66) that

Rf (n) = |:Fk:+n7 Fn:| = Z |Cm|2€i27r(k’+”)wme—iQTr'n,wm

m

and therefore the spectral measure of any Bohr series I is a discrete measure.

(c) Aperiodic time series

A stationary series is called aperiodic (or, in another terminology, chaotic see
Schuster, 1995) if its spectral function @ is continuous. Of coursg, the existence
of the spectral density p; isonly asufficient condition (and the most common ex-
ample) of thissituation. If the spectral density exists, the seriesis called regularly
aperiodicor regularly chaotic Since ¢ is continuous, (6.58) isvalid in this case.

Aperiodic series provide models for many chaotic dynamic processes. The
chaotic behaviour of these processes can be checked by the convergence of the
covariance function R¢(n) to zero asn — oo.

If py= const, then the stationary series is called white noise An example of a
white noise seriesis the sequence f,, = {nv} — 1/2 with anirrational positive v,
where {a} denotesthe fractiona part of a. (The proof can be easily accomplished
with the help of Wey!’s criterion of the uniform distribution of sequences, see for
example Kuipers and Niederreiter, 1974, Chapter 1, §6.)

Other examples of regularly aperiodic time series can be constructed viaawhite
noise seriesin the usual manner of the theory of random stationary processes. For
example, if F'= (..., f_1, fo, f1,..., ) isawhitenoisewith p; = 1, then

M
gn = § ak’fn—k
k=1

will be the term of aregularly chaotic series G with the spectral density
M , 2
pg(w) — ‘ Z ake—7,27rkw‘
k=1
6.4.3 SVD for stationary series

Let F' = (fo,..., fn,...) be astationary series and consider the collection of
singular value decompositions generated by F'. More precisely, forany N > 1
we fix a window length L. = L(N) < N and consider the trajectory matrix
X = X(N) of theseries Fy = (fo, ..., fnv—1) WithitsSVD

X => VNV (6.68)
J

Copyright © 2001 CRC Press, LLC



Note that A\; and U; are the eigenvalues and eigenvectors of the matrix S =
XXT with the elements

K—

Skm = Skm(N) == Z .fk:—1+jfm—1+j7
j=0

=

<

where K = N —L+1andk,m =1,..., L. Therefore, sppm/K — Rs(k —m)
and for fixed L and large K both eigenvalues and eigenvectors of the covariance
matrix C = XXT /K are close to those of the Toeplitz matrix Ry = R(fL) with
the elements 4, ., = Ry(k —m), wherek,m =1,..., L.

Thus, if we consider the eigenvectors and eigenvalues of the matrix Ry, then
we also obtain information about the SVD (6.68) for large K.

(a) SVD for almost periodic sequences

Let us start with the case of GAP sequences, where

Rim)= 3 JPe®n, Qc(-1/2,1/2)
wkEQf

Since Ry(0) = > |cxl? and

wr€Qy

1 L—1
7O Ry(m = j)emn
j=0

-1
—i2mwn] pi2mwr]

L
_ 2 _i2mwim 1
= > lal’e -
L

€
w €N 7=0

|26i27rwkm

ol

we can claim that asymptotically (as L — oo) the eigenvalues v; of the matrix

RECL) /L become close to |¢;|? and the corresponding complex eigenvectors ap-
proximately have the form

E&f) def (1761'27er7.'.,eiQTrwj(Lfl)>T/\/Z.

Note that (Eﬁ)f), Eu(,’;i)) — 0forw; # wy asL — oo.

Inthe case w; # 1/2 the pair (w;, —w;) generates two asymptotically orthog-
onal real harmonic eigenvectors with the frequency |w;|.

Let us now fix the window length L large enough to achieve a good approxi-
mation of the eigenvalues v; by |¢;| and the corresponding eigenvectors by ELf ),
Then for large K = K (L) we obtain that the leading singular values of the SVD
(6.68) are proportional to the largest absolute values of the amplitudes of the har-
monic components of the GAP series, written in the form (6.67). Moreover, for
large L and K the corresponding eigenvectors are close to the harmonic series
with the frequencies associated with these amplitudes.

)
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(b) SVD for aperiodic sequences

The situation is different if the series F' is regularly chaotic. Assume that the
spectral measure m ¢ of a stationary series F' has a bounded spectral density py,
that is

1/2

Ry = [ ¥p (oo,
—1/2
Referring to Grenander and Szegd (1984, Chapters 5.2, 7.4, 7.7), we quote two
important results. Thefirst one is devoted to the asymptotic (as L — oo) distribu-
tion of the eigenvalues of the matrix R ;.

Let p1,...,pr bethe eigenvalues of the L x L Toeplitz matrix Ry with the
elementsr,,,, = Ry(m — k). Denote by P, the discrete uniform distribution on
theset {u1,..., L}

Theorem 6.2 AsL — oo, the distributionP;, weakly converges to the distribu-
tion Dy of the random variable(«), wherea is a random variable uniformly
distributed on[—1/2,1/2].

The second theorem considers the asymptotic distribution of the eigenvectors of
the matrix R y. For m > 1 we set

1/ "2

1 sinTm(w — w N

=— dw'.

m / ( sinm(w — w’) ) py(w)dw
—1/2

The sequence of continuous functions p approxmates pf @88 m — oo in
L7((-1/2,1/2)) for ¢ > 1. The approxmanon is uniform if p; is continuous
n[—1/2,1/2] (see, for example, Edwards, 1979, Chapter 6.1).
Forw, = k/L, k= 0,1,...,[L/2], let us define the vectors Cy,, S;, € R™ by
their components

M = cos(2nwig), sV =sin@rweg), —[L/2] < <[L/2].

Finally, for any 0 < a < b we denote by I1;,(a,b) and H(Lm)(a, b) the orthogona
projection operators onto the linear spaces
Lap = span(Uy, such that a < py, < b)
and
EE:Z) = span(Cy, Sk, such that a < pgcm) (wr) <Db).

Theorem 6.3 Let L — co. Then there exists a sequenee= m(L) — oo such
that

HHL(a,b) - H(Lm)(a,b)‘ 0

L—oo

for all a < b, the points of continuity of the distributidDy.
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Let us discuss the results of the theorems starting with Theorem 6.3. Assume
for simplicity that the spectral measure p is a continuous function, and for any ¢
the number n(c) of w € I suchthat p¢(w) = cisfinite. Then the the statement of
Theorem 6.3 can be interpreted as follows:

1. Inthelimittheset {p,(w), w € I'} coincideswith the set of eigenvalues of the
matrix Ry,

2. Every w # 0,1/2 with ps(w) = ¢ # 0 asymptotically produces two real
orthogonal harmonic eigenvectors with frequency w; these eigenvectors corre-
spond to the eigenvalue c.

The pointsw = 0 or w = 1/2 with ps(w) = ¢ # 0 produce the unique
harmonic eigenvector of frequency w corresponding to the eigenvalue c.

It follows from this description that for amonotone continuous spectral density,
all the eigenvectors are asymptotically the harmonic series, and every frequency
w € (0,1/2) corresponds to a pair of equal eigenvalues. (Thisimplies, in partic-
ular, that the phenomenon of frequency mixing in SSA is resolved in the limit.)
Moreover, for adecreasing spectral density the leading eigenvalues correspond to
low freguencies.

By contrast, if p; is not a monotone function, then certain harmonic eigenvec-
tors with different frequencies (asymptotically) correspond to the same eigenval-
ues.

Let us pass to Theorem 6.2. By definition, the weak convergence of P, to
the distribution Dy of the random variable p;(«) means that for any bounded
continuous function g we have

g(p) + ... +g(pr)

L
1/2 1/2
e / g(pf(w))dw=2/g(pf(w»dw (6.69)
~1/2 0

(here we have used the equality p;(—w) = py(w)).

If p; = a = congt, then the stationary seriesiswhite noise. Inthis case, asymp-
totically in L, al the eigenvalues of the matrix R ; are equal to a. In the same man-
ner, if p; attains two values a; and a, on the sets A; and A, with 4 U Ay = 1
and meas(A4;) = 1 — meas(As) = p, then asymptatically 100p % of the eigen-
values are equal to a; and the rest of them are equal to as. The genera case of
piecewise constant py issimilar.

For any a < b let us denote by N (a, b) the number of eigenvalues pi; such
that a < p; < b. Assume that p; is a smooth function. Then the number n(c)
of roots of the equation ps(w) = c isfinite for any ¢ and the distribution Dy is
continuous. Therefore, (6.69) isvalid for any bounded Rieman integrable function
and we can consider the local (asymptotic) density for the number of eigenvalues
of the matrix Ry.
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Indeed, it follows from Theorem 6.2 that for any a < b

MY [ 1aos @), (6.70)
I

where 14 is the indicator of the set A. (The equality (6.70) corresponds to the
choice g = 1y, 4 in (6.69).)

Let usdenote by wy, ..., wn(.) theroots of the equation py(w) = c. If wetake
b= a+ ¢, wheree issmall positive, and assume that n(a) = 1 and p's(w1) # 0,
then (6.70) becomes

Ni(a,a+¢) €
L [Py (w1)]

as L — oo. In the same manner, if ps(w1) = 0 and pf(w1) # 0, then

NL(Q,CL+€) g 1/2
~ 6.72
L \/ 2|p’f’(w1)\ +o(e), (6.72)

and so on. If n(a) = 2 and both p’; (w1) and p’; (w2) are nonzero, then

+ o(e) (6.71)

Ni(a,ate) 1 )
. ) ('p}<w1> ’ |p;(wQ>> +o(e). (6.73)

Other situations can be investigated in the same manner.

This means that for smooth p the eigenvalues are mainly concentrated around
the numbers p ¢ (w) such that p';(w) = 0. If p’s(w) # 0 for al w, then the func-
tion 1/|p;(w)| has the meaning of global asymptotic density of the number of
eigenvalues.

Analogously, if we denote by Ay (a, b) the sum of the eigenvalues 1, such that
a < py < bandtake

9(x) = gap(x) = 210 4 (x), m1 <a<b<my

with m; = min py, mo = max py, then we obtain from (6.69) that

AL(a,b) 1

For a = m; we obtain from (6.74) the function of the asymptotic eigenvalue
share, standard in statistics. Teking b = a + ¢ with small ¢ we can obtain the
expressions for the local eigenvalue densities analogous to (6.71)-(6.73).

(c) Summary

Let us summarize the material of this subsection. For both almost periodic and
regularly chaotic series, the asymptotic (L, K — oo) singular vectors of the tra-
jectory matrices have the form of harmonic series with frequencies belonging to
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the support of the spectral measure. In the almost periodic case this support is
countable, while for the chaotic situation it is uncountable.

The corresponding eigenvalues are proportional to the weights of the discrete
spectral measure for amost periodic sequences and to the values of the spectral
density in the regularly aperiodic case.

Note that since we are considering the eigenvalues of the matrices S = XXT
and not that of the covariance matrices C = S/ K, the asymptotic eigenvalues
in the case of GAP sequences are proportional to LK . For regularly aperiodic se-
guences the corresponding coefficient is K. The difference can be used for check-
ing whether or not long stationary-like sequences contain periodicities.

6.4.4 Separabilityof stationaryseries

Below we assume that the index set for the stationary sequences under consider-
ationis N = {0,1,2,...}. According to Remark 6.5, the entire spectral theory is
valid if we use the inner product in 7 determined by (6.52) instead of (6.41).

According to the definition of Section 6.1.2 (see (6.13)), two infinite time se-
ries F(U, F() are weakly pointwise regularly asymptotically separable if both
window length L and K = N — L + 1 tend to infinity and

N-—-1
1 2
= A A

2 N—oo
2
\/Z n+k \/E 751%)46

forany m,n > 0.
Let us consider the separability conditions for stationary series. If F(1) and
F2) are stationary sequences, then

N Z ( n+k)2 — Rp(0)>0, i=1,2

for any n, and the asymptotic separability conditions are reduced to the require-
ment of the convergence

=

1

N 0 fn+kf +k N—>oo

0.

o>~
Il

Let usassumethat F % (1) 4 F(2) js a stationary series with spectral measure
myand FM | F2) ¢ ;. Inview of theresults of Section 6.4.1, the Hilbert space
H isisometric to L7 e L2(dm¢), and the series F' corresponds to the constant
function1 € L7, thatis F < 1.

Since F, F) € Hy, there exist 11,4, € L3 suchthat f; — v, i = 1,2,

and ¢y + ¢, = 1in L}, Therefore, the spectral measures of F(*), F(?) have the
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form dmy, = |¢1]?dmys and dmy, = |1|?dm s, respectively. Moreover,

¥
N—

,_.

1
fnJrk ferk
k=0

- {FT(LU,F,(,?)} = /ei(’L_m)wz/Jl(w)wg(w)mf(dw),

N—oo
I

and the separability condition takes the form ;92 = 0 m -almost everywhere.
In other words, separation holds when the supports of the spectral measures m ¢,
and my, aredisjoint.

For periodic series this result gives the opportunity to separate its various ‘ele-
mentary’ components: since m s is concentrated on agrid {+ k/7'} with integer
k and T, each term ¢, e?2™k/T 4 ¢_, e=27k/T on theright side of (6.59) can be
asymptotically separated from the sum of the others.

For (generalized) quasi-periodic series everything issimilar. Any chaotic series
F can be (weakly) divided by SSA into two series belonging to H  if their spectral
densities have digoint supports.

If F() jsaGAPseries(‘signa’) and F(?) isachaotic series (' noise’), then their
spectral measures always have digjoint supports. Thus, under the assumption that
FI(\}),FJ(V” € Hy, any generalized almost periodical signal is weakly pointwise
regularly asymptotically separated from a stationary chaotic noise

6.4.5 Periodograms

Let F' = (fo, f1,...) beastationary series. Then the series

2

N-1
def 1 —i2Twn
1) (w) < ¥ SoeEmenf L wel,
n=0

is called the N-periodogram seriesf the series I
Periodogram series can be used as an approximation for the spectral measure
of a stationary sequence. More precisely, we have the following result.

Theorem 6.4
1. Foranyw € I,
T—
T%C T > ). (6.75)
2. For any bounded continuous : I — R,
1 (V)
. N
Jim kzo/xp( WL (W)dw — /\If(w)mf(dw). (6.76)
= I
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3. Letus assumehat there existsa spectraldensityp thatis continuousat the
pointw. Then

(N )
lim — Z 7 (@) — pr(w). (6.77)
Proof.

1. According to Remark 6.5, the convergence (6.75) is exactly the convergence
(6.57) of Remark 6.6.

2. Anaogousto (6.54) and thefirst equality of (6.57), we have that the left side of
(6.76) isequal to

2

= w sin* (TN (w — wn)) dw | mg(dw
I/ (I/‘l’( )NSiIIQ(Tf—(W*W1)) ) f( 1).
Since the function
)
(V) () def SI7 (TN (w — w1))
i @) NSiIlQ(’]T(w —w1))

isadensity on I for any w, € I and, as N — oo, the associated distribution tends
to the Dirac distribution concentrated at the point w,, we obtain

/\p(w)hgj)(w)dw — U(wy)

N —oo
I

(see, for example, Edwards, 1979, Chapter 6.1.1). Therefore, the second assertion
of the theorem is proved.
3. Similar to the proof of the previous assertion, we get

T-1
.1 N
Jim 2 S ) = [ K wnps(wn) don,
k=0 Vs
This completes the proof. O

Remark 6.7 If we consider the Bohr sequence F' then, in view of (6.65),

H(J,V) (w)
— o mr({wd)

for any k.
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List of data sets and their sources

e Data ‘Births’, ‘Coal sales, ‘Demands, ‘Drunkenness, ‘Eggs, ‘Fortified
wine', ‘Gold price’, ‘Hotels, ‘Investment’, ‘Petroleum sales, ‘Precipi-
tation’, ‘Rosé wine', ‘Sunspots, ‘Tree rings, ‘Unemployment’, ‘Wages':
Time Series Data Library maintained by Rob Hyndman
http://www-per sonal .buseco.monash.edu.au/~ hyndman/ T SDL

e Data'England temperatures : The Meteorological Office (U.K.)
http://www.meto.govt.uk/sec5/CR_data/M onthly/HadCET _act.txt

e Data'Production’: Economic Time Series Page
http://www.economagic.com/em-cgi/data.exe/doeme/pnprbus

e Data‘'White dwarf’: The Santa Fe Time Series Competition Data
http://www.stern.nyu.edu/~ aweigend/Time-Series/SantaFe.html

e EEG Data: Dr. Dmitry Belov, Institute of Physiology, St. Petersburg University
e Data‘'War': Table 10 in Janowitz and Schweizer (1989).
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