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Preface

Visual Indexing and Retrieval is a wide-scope research domain which unites re-
searchers from image analysis and computer vision, to information management.
For nearly twenty years, this research has been extremely active world-wide. With
the advent of social networks conveying huge amount of visual information to the
user, the ever increasing capacities of broadcast transmission of content via hetero-
geneous networks, popularization of hand-carried devices, the realm of possibilities
has got wide open both for industry leaders and researchers. Indeed, the always
increasing size of visual content databases has brought to the fore the need for inno-
vative content understanding, retrieval and classification methods. Such methods are
henceforth of paramount importance to let people the ability to exploit such huge
databases.
The book is the result of joint efforts of the French research community joined
through the GDR CNRS ISIS, the national academic network in the field. Thanks to
this network, the research results gathered and explained in this book have received
global recognition, and are gaining more and more success in technology transfer.
The authors hope that the most recent results and fruitful trends in Visual Indexing
and Retrieval presented in this book will be helpful to young and experienced re-
searchers willing to put the ideas forward and needing a solid understanding of the
state-of-the art to do so, as well as to industry people willing to find an adequate
algorithmic solution for their application area.

Acknowledgments: the authors acknowledge the governing board of GDR CNRS
ISIS for supporting the project of this book.

Paris, France Jenny Benois-Pineau
January 2012 Frédéric Precioso

Matthieu Cord
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Chapter 1

Introduction

Jenny Benois-Pineau, Frédéric Precioso, Matthieu Cord

1.1 Context and motivations

The research in visual information indexing and retrieval has become one of the
most popular directions in the broad area of information technologies. The reasons
for that are the technological maturity of capture, storage and network infrastruc-
tures, that allow for common daily-life capturing of images and recording of video
with professional equipment and personal mobile devices. According to Internet
sources the British Broadcasting Corporation set up team dedicated to process user-
generated content, as an experimental group in April 2005 with 3 employees in the
staff. The team was then made durable and got expanded, unveiling the integration of
“citizen journalist” in the (broadcast) news mainstream. The same concept has been
put in place by CNN that launched CNN iReport in 2006. This project was meant
to allow CNN to collect user-generated news. So did the american Fox News with
their ’uReport’ project and the french BFM-TV broadcast channels. YouTube, Face-
Book, FileMobile, DailyMotion, host and supply facilities for accessing a tremen-
dous amount of professional and user-generated content for educational and en-
tertainment purposes. The areas of societal activity such as video surveillance and
security also generate thousands of tera-bytes of video content with specific issues
to be tackled. Finally, the digitization and storage of cultural heritage be it Byzan-
tine frescoes, Medieval miniatures, old manuscripts or feature films, documentaries
and broadcasting programs or web-sites, lead to the production of a mass of visual
data which has to be accessed and searched both by professionals for re-mastering
and production of new visual content and by common users for various humanities
research.
Thus, visual information indexing and retrieval has attracted a lot of research efforts
since the early nineties [24]. However nowadays, owing to the size of large scale
databases, complexity of visual interpretation tasks, the famous ”semantic gap” be-
tween the (semantic) concept(s) the user is looking for in images and the digital
representation of the (semantic) visual content, the research directions are widely
open. This research field has been dramatically enriched by the last achievements
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2 1 Introduction

in machine learning methods, the standardization of content descriptors and large-
scale evaluation campaigns providing researchers with access to amounts of visual
data associated to benchmarks for testing and evaluation. In this book, we propose
a detailed review of the cutting-edge approaches in Visual Information Indexing,
along with the original contributions of the authors of chapters.

1.2 Outline of the book

The book structure has naturally emerged from the key components of the visual
indexing and retrieval problems. The next chapters, – Spatial and multi-resolution
descriptions in visual indexing and – Machine learning approaches for visual in-
formation retrieval, are presenting the ingredients of the whole process. The next
ones are dedicated to advanced considerations for the image representations, the
scalability issues, and the evaluation.

Visual indexing and retrieval tasks always start with feature extraction from the
raw data. Many approaches in several contexts have been developed since more
than 30 years for now. Many primitives as Points of interest, regions, lines and so
on, have been studied. Additionally, efficient descriptors are required. The Chapter
2 provides a deep overview of the basic feature extraction and description methods
in the literature.

Representing these features at a higher semantic level description is the second
stage of the process. The main steps for deriving image representation from visual
local descriptors are described in Chapter 3. Well-known Bag-of-Visual-Words in-
cluding recent extensions as sparse coding and spatial pooling methods are detailed.
Higher semantic level data representation and similarity design are not independent
but strongly related processes. Similarity measures between histograms, but also
more complex functions such as kernels are presented. In order to address classifi-
cation, retrieval or detection tasks, these similarities must be integrated into machine
learning frameworks. We chose to focus on two major contributions from the Ma-
chine Learning community, namely Support Vector Machines and Boosting, very
successful in multimedia retrieval applications.

Spatial structure is a key point in the building of the image representation. This
information is usually ignored in basic representations. Advanced approaches try
to overcome this drawback by adding spatial arrangements in the process. Further-
more, the natural willing to use information according to its visual importance and
compressed-stream analysis yields multi-resolution approaches. In Chapter 4, inte-
gration of spatial context into visual description is deeply studied. Two trends on
how to account for such information are considered. The first is the design of struc-
tural descriptors and integration of the spatial context in the signature matching. The
second relates to the multi-resolution visual indexing.

Since image and video databases are becoming ever larger, scalability is defi-
nitely a critical requirement for visual information retrieval. The chapter 5 is dedi-
cated to these scalability issues. The nature of the problems both for content-based
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retrieval and for mining are described. Main ideas and recent advances are pre-
sented, like the use of approximation or of shared-neighbour similarity. We also
highlight some prospective directions, like embeddings, filtering based on simplified
descriptions, optimization of content representations and distributed processing.

Finally, it is crucial to evaluate the visual indexing and retrieval methods and
systems against common benchmark corpora. Having a deep understanding of the
evaluation process is the best way to identify the strengths and weaknesses of the
different approaches, and to trace promising ways to investigate. The chapter 6 gives
an overview of the major evaluation campaigns and benchmarks for visual indexing
and retrieval tasks. Data collection, relevance judgements, performance measures
and experimentation protocols are discussed. The State-of-the-Art performance in
recent campaigns and the lessons learnt from these campaigns are also presented.



Chapter 2

Visual feature extraction and description

Khalifa Djemal, Jean-Pierre Cocquerez, Frédéric Precioso

Abstract Since the very beginning of pattern recognition in the early 70’s, pat-
tern recognition remains a research challenge and has become of paramount impor-
tance nowadays. Today, machine learning methods complete expert knowledge in
the choice of optimal feature sets with respect to image categories to be searched
and recognized. This chapter provides an overview of the feature extraction and
description approaches for still images as well as for spatio-temporal data analysis.

2.1 Introduction

Image recognition involves three distinct steps. Feature detection is the first step,
aiming at identifying a set of image locations presenting with rich visual informa-
tion. The second step is the feature description step consisting in defining robust
descriptors based on the extracted features. The last step relates to the use of these
descriptors for image representation, recognition and indexing. The next chapter 3
is dedicated to this step.

This chapter tries to give the reader an overview of the main recognition steps
of detection and description. We present in section 2.2 the interest point detection
approaches, point-based and region-based detectors. An extension to the spatio-
temporal feature extraction is presented in section 2.2.3. In section 2.3, some refer-
ence feature descriptors are presented and discussed.

2.2 Visual primitive detection

The definition of a new interest point is related to two processes: (i) the detection
of the exact localization of the point with specific characteristics as, for instance,
a point the least similar to its neighbors (minimum of autocorrelation function) or
a point of maximum of information (autocorrelation matrix with two high eigen-

5
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6 2 Visual feature extraction and description

values); (ii) and the description of the neighborhood of this point, related to color,
texture or orientations of the gradient in the neighborhood. The quality of interest
points can be evaluated trough the repeatability of both detection and description:
how well interest point definition remains stable when submitted to any possible
image transformations (rotation, crop, resizing for copy detection task) or stable to
object category variations (points detected on car model are detected also on another
model or brand, for classification task).

Historically, interest points detector and descriptor were first exploited for stereo-
vision image matching, then for copy detection task (i.e. retrieving all copies of an
original document even after quite strong geometric deformations). For such tasks,
feature detectors must be very discriminant so as to ensure strong matching between
similar points and quite sparse to be robust to occlusions. However, for classification
task instead, the focus is put on generalization capabilities in order to retrieve similar
content but under different views or in different contexts.

In the last ten years, many interst points detection mathods have been proposed.
They can be distinguished either by their detection process or by their description
process.

2.2.1 Point-based detectors

A wide variety of interest point detectors have been proposed in the literature [187].
They can be classified into two main categories: contour-based and intensity-based
methods. Contour-based methods look for for maximal curvature or inflexion points
along the extracted contour chains, or perform some polygonal approximation and
then search for intersection points. Intensity-based methods compute a measure that
indicates the presence of an interest point directly from the greyvalues.

To approximate the contours, Medioni et al.[143] use B-splines, interest points
are maxima of curvature which are computed from the coefficients of thse B-splines.
Horaud et al.[99] extract line segments from the image contours. These segments are
grouped and intersections of grouped line segments are used as interest points. The
algorithm of Pikaz and Dinstein [169] is based on a decomposition of noisy digi-
tal curves into a minimal number of convex and concave sections. The location of
each separation point is optimized, yielding the minimal possible distance between
the smoothed approximation and the original curve. The detection of the interest
points is based on properties of pairs of sections that are determined in an adap-
tive manner, rather than on properties of single points that are based on a fixed-size
neighborhood. In Mokhtarian and Suomela [148], the authors describe an interest
point detector based on two sets of interest points. One set are T-junctions extracted
from edge intersections. A second set is obtained using a multi-scale framework:
interest points are curvature maxima of contours at a coarse level and are tracked
locally up to the finest level. The two sets are compared and close interest points are
merged.
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Different intensity-based methods have been proposed for intersest points detec-
tion. Moravec [150] developed one of the first signal-based interest point detectors.
His detector is based on the auto-correlation function of the signal. It measures the
greyvalue differences between a window and windows shifted in several directions.
Four discrete shifts in directions parallel to the rows and columns of the image are
used. If the minimum of these four differences is superior to a threshold, an inter-
est point is detected. Several interest point detectors [94, 72] are based on a matrix
related to the auto-correlation function. The matrix (2.2) averages derivatives of
the greylevel image in a window W around a point (x,y). This matrix captures the
structure of the neighborhood. If this matrix is of rank two, that is both of its eigen-
values are large, an interest point is detected. A matrix of rank one indicates an edge
and a matrix of rank zero a homogeneous region. Forstner in [72], uses the auto-
correlation matrix to classify image pixels into categories, i.e., region, contour or
interest point. Interest points are further classified into junctions or circular features
by analyzing the local gradient field. This analysis is also used to determine the
interest point location. Local statistics allow a blind estimate of signal-dependent
noise variance for automatic selection of thresholds and image restoration.

2.2.1.1 Harris detectors

A large number of interest point detectors are based on high gradient detection as
the well-known Harris [94] corner detector, i.e., detecting high gradients along two
orthogonal directions in the image. The standard Harris corner detector satisfies
some requirements: small number of points are detected only the interest one, these
points are invariant to rotation, different sampling and to small changes of scale and
small affine transformations. If we consider I(x,y) the image function at point (x,y)
can be similar to itself when it is shifted by (Δx,Δy), this is can be given by the
autocorrelation function:

c(x,y;Δx,Δy) = ∑
(u,v)∈W (x,y)

w(u,v)(I(x,y)− I(u+Δx,v+Δy))2 (2.1)

Where W (x,y) is a window centred at point (x,y) and w(u,v) a Gaussian op-
erator. Approximate the shifted function by the first-order Taylor expansion, and
approximated by quadratic function become:

c(x,y;Δx,Δy) =
[
Δx Δy

]
Q(x,y)

[
Δx
Δy

]
=
[
Δx Δy

][A B
B C

][
Δx
Δy

]
(2.2)

The second moment descriptor can be thought of as the covariance matrix of
a two-dimensional distribution of image orientations in the local neighborhood of
a point. Hence, the eigenvalues λ1, λ2, (λ1 ≤ λ2) of Q constitute descriptors of
variations in I along the two image directions. Specifically, two significantly large
values of λ1 and λ2 indicate the presence of an interest point. To detect such points,
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Harris and Stephens [94] proposed to detect positive maxima of the corner function:

H = det(Q)− k.trace2(Q) = λ1λ2− k.(λ1 +λ2)
2 (2.3)

At the positions of the interest points, the ratio of the eigenvalues α = λ2/λ1 has
to be high. From (2.3) it follows that for positive local maxima of Q, the ratio α
has to satisfy k ≤ α/(1+α)2. Hence, if we set k = 0.25, the positive maxima of
Q will only correspond to ideally isotropic interest points with α = 1, i.e λ1 = λ2.
Lower values of k allow us to detect interest points with more elongated shape,
corresponding to higher values of α . A commonly used value of k in the literature
is k = 0.04 corresponding to the detection of points with α < 23.

a) b)

Fig. 2.1 Example of interest points detection by Harris detector on two different images.

a) b)

Fig. 2.2 Interest point detection by Harris detector on another kind of images.

Figures 2.1 and 2.2, show examples of interest points detection by Harris detec-
tor. Harris detector is unfortunately not stable against scale image variations.
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2.2.1.2 Laplacian of Gaussian Family

In order to integrate scale invariance, most of interest point detectors are based
on scale-space representation. The image I(x,y) is convolved by a Gaussian ker-
nel G(x,y;σ) at a certain scale σ . The scale-space representation can be defined as
follows:

L(x,y,σ) = G(x,y,σ)∗ I(x,y) , (2.4)

also called local jet. The first multi-scale of interest point detector considers the
scale-normalized Laplacian of the Gaussian (LoG) ∇2

normL(x,y;σ) = σ(Lxx +Lyy)
and detects scale-space maxima/minima, that are points simultaneously local max-
ima and minima of scale-normalized LoG with respect to both space and scale
[131, 132]. This local maxima/minima of the scale-normalized Laplacian detec-
tion is also used for scale selection in other contexts, such as in corner detection, or
scale-invariant feature transform [134].

From the fact that the scale-space representation L satisfies the diffusion equa-
tion, it follows that the Laplacian of the Gaussian operator can also be computed as
the limit case of the difference between two Gaussian smoothed images (scale-space
representations).

σ∇2G =
∂G
∂σ

≈ G(x,y,kσ)−G(x,y,σ)

kσ −σ
(2.5)

The Difference of Gaussian (DoG) is a linear filter implemented in several ar-
tificial computer vision applications and used by a large variety of descriptors in
image indexing and retrieval. It works by subtracting two Gaussian blurs of the im-
age corresponding to different functions widths. The DoG operator can be seen as an
approximation of Laplacian of Gaussians (2.5) and leads to the following equation:

(G(x,y,kσ)−G(x,y,σ))∗ I(x,y) = L(x,y,kσ)−L(x,y,σ) (2.6)

The enhancing process with the DoG works in both spatial and frequency domains.
Indeed, the performance of the filter is conditioned by the standard deviation of its
two Gaussians.

2.2.2 Region-based detectors

To detect regions in the images, different approaches have been proposed in the
literature [146]. Most detection methods are often based on pixels intensity, neigh-
borhoods of contours or points of interest. Detected regions are subsequently used
for 3D reconstruction or to define robust descriptors for content-based images re-
trieval systems. The image segmentation methods are often used as preprocessing
methods, this ensures suitable detection. An extensive comparison between known
region detectors has been proposed by Mikolajczyk et al. [146].
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a) b)

c) d)

Fig. 2.3 DoG with different scales: a) Original image, b), c) and d) DoG with different octave and
scales.

2.2.2.1 Image segmentation

Image segmentation is an essential preliminary step in the interpretation of images.
It consists in partitioning the image in homogeneous areas corresponding to objects
in the image. This score is based on image characteristics such as brightness, tex-
ture or color. There is no general solution to the problem of segmentation, but rather
a set of mathematical tools and algorithms that can be combined to solve specific
problems. In this context, edge detection plays an important role (see also section
2.3.1.4). Indeed, the contours often correspond to the limits of geometric objects in
the scene. In almost all cases, edge detection, even sophisticated, produces an imper-
fect result. This is due to the presence of noise in the image, the difficulty of tunning
the settings of the detector optimally, and the presence of variable contrast contours.
Therefore, we can achieve only a segmentation based on contours. These are most
often discontinuous or incomplete and many false contours are detected from noise
or macroscopic textures. Various methods have been proposed as a remedy.

In general, it is possible to classify them into two main categories, direct ap-
proaches and model approaches. The direct approach is to extract from the image
only relevant information, the model approach involves modeling the image or the
desired objects. In the direct approach, we apply the operators working on the inten-
sities of the image. In this category, can be cited the thresholding and its variants,
mathematical morphological operations and low-level operations.
In the low-level operations, we find the linear filtering, such as convolution with
a Sobel kernel type, Canny optimal filters, and the non-linear filtering, such as
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anisotropic diffusion. These operations lead to transformations of the image but do
not allow the interpretation or modeling of information. From the knowledge that
is available on the processed data, the model approach introduces in the segmen-
tation process a priori information on the desired structures. It can be for example
information about the shape of objects, their consistency, texture, environment and
conditions for acquisition of the image. One can also distinguish between geometric
models and the modeling of the image.
The geometric models used are the most active contour models [192, 34]. Among
the model images, there are statistical models such as Markov fields and Bayesian
process. Several studies conducted in the framework of active contours have given
rise to two different approaches, the contour-based and region-based approaches.
From these two main approaches, different methods have been proposed com-
bining contours and regions information to better segment an object in an image
[42, 58, 127].
Let us focus also on multiscale segmentation approaches delivering an image de-
scription as a hierarchy of partitions which are indexed by a scale parameter
[88, 120]. Descriptors presented in this chapter can be applied on each partition.
This is a manner to overcome scale invariance, with a counter part that is an in-
crease of the feature vector size of images.

2.2.2.2 Intensity Extrema Based Region Detector

The intensity extrema based region detection method detects affine covariant regions
through intensity extrema detected at multiple scales, then image exploration around
them in a radial way, delineating regions of arbitrary shape which are then replaced
by ellipses [211, 210]. For a given local extremum in intensity, the intensity func-
tion along rays emanating from the extremum is studied. The following function is
evaluated along each ray:

fI(t) =
abs(I(t)− I0)

max(
∫ t

0 abs(I(t)−I0)dt
t ,d)

(2.7)

with t an arbitrary parameter along the ray, I(t) the intensity at position t, I0 the
intensity value at the extremum and d a small number which has been added to
prevent a division by zero. The point for which this function reaches an extremum
is invariant under affine geometric and linear photometric transformations (given
the ray). Typically, a maximum is reached at positions where the intensity suddenly
increases or decreases. The function fI(t) is in itself already invariant. Nevertheless,
the points are selected where this function reaches an extremum to make a robust
selection. Next, all points corresponding to maxima of fI(t) along rays originating
from the same local extremum are connected to enclose an affine covariant region.
This often irregularly-shaped region is replaced by an ellipse having the same shape
moments up to the second order. This ellipse-fitting is again an affine covariant
construction.
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2.2.2.3 Maximally Stable Extrema Regions

In contrast with local interest points detectors of above methods, the Maximally
Stable Extremal Regions (MSER) [142] is a local area-of-interest detector which
denotes a set of distinguished regions, interest regions, that are detected in an image.
All of these regions are defined by an extremal property of the intensity function in
the region and on its outer boundary. The standard MSER algorithm detects bright
homogeneous areas with darker boundaries (MSER+). The same algorithm can be
applied to the negative of the input image, which results in a detection of dark areas
with brighter boundaries (MSER-). In general, the combination of both sets is used
to output the MSER detection result. The set of detected homogeneous regions with
MSERs is closed under continuous geometric transformations and is invariant to
affine intensity changes. Furthermore MSERs are detected at different scales.

2.2.3 Spatio-temporal extension

Many proposed methods deal with the detection of the spatio-temporal interest
points. The importance of this kind of features has attracted the curiosity of re-
searchers which have extended it to spatio-temporal detection especially for video
analysis. Local image and video features have been shown successful for many
recognition tasks such as object and scene recognition [68, 126] as well as human
action recognition [125, 189]. Local space-time features capture characteristic shape
and motion in video and provide relatively independent representation of events
with respect to their spatio-temporal shifts and scales as well as background clutter
and multiple motions in the scene. Such features are usually extracted directly from
video and therefore avoid possible failures of other pre-processing methods such as
motion segmentation and tracking.

In the literature, different spatio-temporal feature detectors [123, 156, 224] and
descriptors [124, 125, 160] have been proposed. Feature detectors usually select
spatio-temporal locations and scales in video by maximizing specific saliency func-
tions. The detectors differ in the type and the sparsity of selected points. Feature
descriptors capture shape and motion in the neighborhoods of detected points ex-
ploiting video characteristics such as spatial or spatio-temporal image gradients and
optical flow.

The idea of the Harris interest point detector (section 2.2.1.1) is to find spatial
location where the image has significant changes in both directions.
In this aim, to model a spatio-temporal image sequence Laptev [122] use a function
I : ℜ2 �−→ℜ and construct its linear scale-space representation L : ℜ2 ∗ℜ+ �−→ℜ
by convolution of I with an anisotropic Gaussian kernel with independent spacial
variance σ2

l and temporal variance τ2
l .

L(x,y;σ2
l ,τ

2
l ) = G(x,y,σ2

l ,τ
2
l )∗ I(x,y) (2.8)
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Similar to the spatial domain 2.2, a spatio-temporal second-moment matrix is con-
sidered, that is a 3 by 3 matrix composed of first order spatial and temporal deriva-
tives averaged using Gaussian weighting function.

Q = G(x,y,σ2
i ,τ2

i )∗
⎡
⎣ L2

x LxLy LxLt
LxLy L2

y LyLt

LxLt LyLt L2
t

⎤
⎦ (2.9)

where the integration scales σ2
i and τ2

i are related to the local scales σ2
l and τ2

l
according to σ2

i = sσ2
l and τ2

i = sτ2
l .

To detect interest points, Laptev et al. [125], search for regions in I having significant
eigenvalues λ1, λ2, λ3 of Q. Authors extend the Harris corner function (2.3) defined
for the spatial domain to the spatio-temporal domain by combining the determinant
and trace of Q as follows:

H = det(Q)− k.trace3(Q) = λ1λ2λ3− k.(λ1 +λ2 +λ3)
3 (2.10)

Spatio-temporal interest points of I can be provided by detecting local positive
spatio-temporal maxima in H.

In other proposed works, as a space-time extension of the Harris detector, Laptev
et al. [123] proposed Harris 3D detector, they compute a spatio-temporal second
moment matrix at each video point using independent spatial and temporal scale
values, a separable Gaussian smoothing function and space-time gradient. The final
spatio-temporal interest point detections are given by local maxima of matrix H.
Willems et al. [224] proposed the Hessian detector as a spatial-temporal extension
of the Hessian saliency measure for blob detection in images. The detector measures
the saliency with the determinant of the 3D Hessian matrix. The position and scale
of the interest point are simultaneously localized without any iterative procedure.
The Cuboid detector was proposed by Dollar et al [59], this 3D detector is based
on temporal Gabor filters. The interest point correspond to the local maxima of the
response function. An evaluation of local spatio-temporal features for action recog-
nition in [221], provides interesting details on the performance of these methods.

2.3 Descriptors

2.3.1 Feature spaces used by descriptors

Most description techniques are often based on universal feature such as color, tex-
ture, shape and edge. The description in these spaces can be achieved for example,
by a simple operation as color averaging or by the determinant of the Hessian matrix
in local shape space. In this section, we present different spaces.
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2.3.1.1 Color

The feature natively coded at every pixel is the color. The color space in which the
feature is coded has a big impact on its perceptual relevance. Most color features in
the literature are based on other color spaces than standard RGB, like YUV, HSV,
etc, which are considered as closer to human color perception [32]. Indeed, One of
the main aspects of color feature extraction is the choice of a color space. Color fea-
tures are relatively easy to extract, and efficient for indexing and retrieval in image
databases. For example, color Histogram is the most commonly used color feature
descriptor, its relatively invariance to position and orientation changes. The Color
average descriptor [63] is generally defined in the RGB color space. Color autocor-
relogram, defined in [102], captures the spatial correlation between identical colors.
It is a subset of the correlogram [101] which explains how the spatial correlation
of pairs of colors change with distance (similar to the cooccurrence matrix used for
texture analysis of gray images).

2.3.1.2 Texture

Texture feature does not have an explicit definition but implicitly provides local dis-
tributions of pixel intensity analysis, thereby ignoring color information, in order
to characterize spatial structures emerging from random visual primitives [77]. This
lack of explicit definition entails the lack of uniqueness of a texture feature extrac-
tor and thus the lack of texture space to statically clusterize the feature space. We
classify texture feature extractors in three different approaches:

• The features that are computed in the spatial domain, the first-order statistics
and the cooccurrence matrix. The first-order statistics can be extracted from the
normalized histogram of the image, by computing the Mean, the Standard De-
viation, and the Coefficient of Variation. The co-occurrence matrix [115], called
also the spatial gray level dependence matrices, counts how often pairs of gray
level of pixels, separated by a certain distance and lying along certain direction,
occur in an image. From these matrices, thirteen features related to the image
texture, could be calculated. The most used descriptors can be extracted from
these features: Average (or Mean), Variance, Signal to noise ration (SNR), En-
ergy, Entropy, Contrast, Homogeneity, and Correlation [93].

• The features that are computed using model-based approach can only character-
ize textures that consist of micro textures [225].

• The features that are computed in a transform domain with multi-resolution ap-
proaches, such as for instance applying Daubechies wavelet, have gained wide
interest over the years as they effectively describe both local and global infor-
mation [114]. Wavelet texture features are the most important descriptors in this
field. Texture features can be extracted from Daubechies wavelet coefficients of
a two-level decomposition. The texture features are obtained by computing the
sub-band energy of all wavelet coefficients (including the direction-independent
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measure of the high-frequency signal information), after filtering the raw coeffi-
cients using Laplacian operator [191].

2.3.1.3 Shape

Shape descriptor is generally considered as some set of numbers that are produced
to describe a given shape feature [147]. A descriptor attempts to quantify shape
in ways that agree with human intuition. Good retrieval accuracy requires a shape
descriptor to be able to effectively find perceptually similar shapes from a database.
If a segmentation process provides regions representative enough of real semantic
objects (section 2.2.2.1), new features requiring accurate object extraction can then
be considered [33, 66]. Shape feature is up-to-now more used for segmentation task
than for classification since it is bounded to precise shape detection in order to be
relevant, except for very specific applications when the shape of objects to classify
is easily available as for binary image classification for instance.

Many shape description and similarity measures have been developed in the lit-
erature [147]. A number of new techniques have been proposed lately. There are
two main different approaches, contour- and region-based methods, and space and
transform domains.

Contour-based methods and region-based methods [152] are the most common
and general classification followed for instance in MPEG-7 standard. It is based on
the use of shape boundary points as opposed to shape interior points. Under each
class, different methods are further divided into structural approaches and global
approaches. This sub-class is based on whether the shape is represented as a whole
or represented by segments (2.2.2.1).
In this kind of approaches the shape feature extraction is generally based on gradi-
ent: shape context is based on the idea of picking n points on the contours of a shape.
For each point on the shape, consider the n− 1 vectors obtained by connecting the
current point p to all other points. The set of all these vectors is a rich description of
the shape localized at the current point p but is far too detailed. The key idea is that
the distribution over relative positions is a robust, compact, and highly discrimina-
tive descriptor. So, the coarse histogram of the relative coordinates of the remaining
n− 1 points, is defined to be the shape context of the current point p. The bins are
normally taken to be uniform in log-polar space. Translational invariance comes
naturally to shape context and scale invariance is obtained by normalizing all radial
distances by the mean distance between all point pairs in the shape [17, 18, 19].

In space domain, methods match shapes on point (or point feature) basis, while
transform domain techniques match shapes on feature (vector) basis. The most com-
mon shape feature extraction approaches are based on the decomposition of the
signal on a basis of functions as Legendre polynomial basis, B-spline, Zernike poly-
nomial basis, Fourrier-Mellin polynomial basis. The most relevant decomposition
coefficients are kept and stored in a vector (for Legendre moments, it has been ex-
perimentally shown that the first 40 moments are the most significant [73]).
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2.3.1.4 Edge

Even though some recent works have been done on extracting edge information
from images and representing this information through graphs of contours [199, 69,
158, 96, 95], most of the effort to define new local features has been put, in the
last 5 years, on defining interest points to characterize even more atomic semantic
primitives than regions (section 2.2).

The several edge descriptors are based on the extraction of gradient orientations,
or local organization of gradients. Histogram of Oriented Gradient (HOG) descriptor
[53] counts occurrences of quantized gradient orientations in localized portions of
an image. Around a pixel, a dense local grid of uniformly spaced cells is defined.
For each cell, a histogram of quantized gradient directions, or edge orientations, is
compiled for the gradient pixels within the cell (orientation: 0◦, 45 ◦, 90 ◦, 135◦...).
Histograms extracted from each cell of the grid are concatenated into one histogram
which is the texture feature description of the pixel at central grid position.

In the 3D case, the HOG descriptor is based on histograms of 3D gradient ori-
entation and can be seen as an extension of the SIFT descriptor to video sequence.
Gradients are computed using an integral video representation. This descriptor com-
bines shape and motion information at the same time.

2.3.2 Scale Invariant Feature Transform

Scale Invariant Feature Transform (SIFT) [134] is an approach for detecting and
extracting local feature descriptors that are reasonably invariant to changes in il-
lumination, image noise, rotation, scaling, and small changes in viewpoint. The
Scale-space extrema detection represents the first main step for SIFT descriptor,
this detection allows to obtain the keypoint localization. The orientation assignment
and the generation of keypoint descriptors constitute the second main step. Interest
points for SIFT features correspond to local extrema of DoG filters (section 2.2.1.2)
at different scales (figure 2.3). The detection of interest points obtained by the con-
volution of the image with Gaussian filters at different scales, and the generation of
DoG images from the difference of adjacent blurred images. The convolved images
are grouped by octave (an octave corresponds to doubling the value of σ ), and the
value of k is selected so that we obtain a fixed number of blurred images per octave.
This also ensures that we obtain the same number of DoG images per octave.

Interest points also called keypoints are identified as local maxima or minima of
the DoG images across scales (figures 2.4.a and 2.5.a). Each pixel in the DoG images
is compared to its 8 neighbors at the same scale, plus the 9 corresponding neighbors
at neighboring scales. If the pixel is a local maximum or minimum, it is selected as
a candidate keypoint to which is assigned an orientation. To determine the keypoint
orientation, a gradient orientation histogram is computed in the neighborhood of the
keypoint (using the Gaussian image at the closest scale to the keypoint’s scale). The
contribution of each neighboring pixel is weighted by the gradient magnitude and a
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Fig. 2.4 SIFT descriptor: a) Interest Points detection and b) An example of matching.

Gaussian window with a σ that is 1.5 times the scale of the keypoint. Peaks in the
histogram correspond to dominant orientations. A separate keypoint is created for
the direction corresponding to the histogram maximum, and to any other direction
within 80% of the maximum value. Taking into account the keypoint orientation
provides invariance to rotation.
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Fig. 2.5 SIFT descriptor: a) Interest Points detection and b) An example of matching on different
kind of images.

Once a keypoint orientation has been selected, the feature descriptor is computed
as a set of orientation histograms on 4× 4 pixel neighborhoods. The orientation
histograms are relative to the keypoint orientation, the orientation data comes from
the Gaussian image closest in scale to the keypoint’s scale. Histograms contain 8
bins each, and each descriptor contains an array of 4 histograms around the keypoint.
This leads to a SIFT feature vector with 4× 4× 8 = 128 elements. This vector is
normalized to enhance invariance to changes in illumination. SIFT features used in
recognition tasks in large databases. Indeed, after SIFT descriptor computing on the
input image, they matched to the SIFT features database (figures 2.4.b and 2.5.b).

The good performance of SIFT compared to other descriptors [145] is remark-
able. Its mixing of crudely localized information and the distribution of gradient
related features seem to yield good distinctive power while fending off the effects
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of localization errors in terms of scale or space. Using relative strengths and orien-
tations of gradients reduces the effect of photometric changes.

2.3.3 Speeded Up Robust Features

The SURF descriptor, describes a distribution of Haar-wavelet responses within the
interest point neighborhood. The integral image is exploited for speed. Moreover,
only 64 dimensions are used, reducing the time for feature computation and match-
ing, and increasing simultaneously the robustness. In [144, 132], authors present
a new indexing step based on the sign of the Laplacian, which increases not only
the matching speed, but also the robustness of the descriptor. The SURF descriptor

Fig. 2.6 Matching result with SURF descriptor.

is based on similar properties of localized information and gradient distribution as
SIFT, with a complexity stripped down even further. The first step consists of fixing

Fig. 2.7 Matching result with SURF descriptor on different images.

a reproducible orientation based on information from a circular region around the
interest point. Then, we construct a square region aligned to the selected orientation,
and extract the SURF descriptor from this considered region [15]. Figures 2.6 and
2.7, present examples of matching results using SURF descriptor.
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2.3.4 Global GIST descriptor

GIST descriptor was initially proposed in [157]. The idea is to develop a low di-
mensional representation of the scene, which does not require any form of segmen-
tation. The authors propose a set of perceptual dimensions (naturalness, openness,
roughness, expansion, ruggedness) that represent the dominant spatial structure of
scene. They show that these dimensions may be reliably estimated using spectral
and coarsely localized information. The image is divided into a 4x4 grid for which
orientation histograms are extracted. Note that the descriptor is similar in spirit to
the local SIFT descriptor [134].
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Fig. 2.8 GIST descriptor: a) Multiple scales of Fourier filter and b) resulting GIST descriptor.

The GIST descriptor has recently shown good description results for image
search. In Li et al. [129], GIST is used to retrieve an initial set of images of the
same landmarks, and then interest point based matching is used to refine the results
and to build a 3D model of the landmark. In Hayes and Efros [97] it is used for
image completion. Given a huge database of photographs gathered from the web
the algorithm patches up holes in images by finding similar image regions in the
database based on the GIST descriptor. Torralba et al. [209, 223] developed differ-
ent strategies to compress the GIST descriptor. We show in figure 2.8, the resulting
GIST descriptor.

2.4 Evaluation of feature detectors and descriptors

To evaluate the performances of feature detection and description methods, some
techniques have been proposed in the literature [187, 221]. The ideal approach will
be able to detect a large number of meaningful features in a given image, and will
match them reliably across different views of the same object, as in the case of
3D reconstruction [151]. Critical issues in detection, description and matching are
robustness to scaling, rotation and lighting changes. The main criteria used are re-
peatability and information content. These criteria generally measure the quality of
the feature description for image matching, object recognition or 3D reconstruction
[187]. In the case of image recognition in specific or heterogeneous image databases,
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feature selection methods are needed [116, 57, 56]. The evaluation efficiency is often
conditioned by the used kind of image databases. Indeed, feature selection methods
in some proposed works are based on the obtained performance for each feature,
which is estimated by taking into account the recognition rate for a given images
database [116].

2.5 Conclusion

In this chapter, we have presented the preliminary steps for any visual indexing and
retrieval systems: feature detection and description. It is also fundamental for many
different Computer Vision applications.

Well-known feature extraction schemes, like Harris and LoG detectors, and fea-
ture description approaches like SIFT and SURF have been presented. More general
description like GIST were also discussed. CBIR system accuracy strongly depends
on descriptor robustness to scaling, rotation and lighting changes. The exploitation
of these descriptors in a global image processing chain is discussed in the next chap-
ter.



Chapter 3

Machine learning approaches for visual

information retrieval

Frédéric Precioso, Matthieu Cord

Abstract In this chapter, we first describe the main stages for deriving image rep-
resentation from visual local descriptors which has been described in Chapter 2.
Coding and pooling steps are detailed. We then remind briefly some of the most
usual (dis-)similarity measures between histograms, paying a particular attention
to a class of similarity functions, called kernels, we deeply investigate. We present
several strategies to build similarity measures. These similarities can then either
represent the basis of a similarity search system or be integrated into more powerful
machine learning frameworks to address classification, retrieval or detection tasks.

3.1 Bag-of-Feature representations and similarities

As we have seen in the previous chapter, feature extraction usually lead to a set of
unordered (local) feature vectors, called a Bag-of-Features (BoF), and visual content
representation remains at a signal processing level. We would like to introduce more
semantically rich representations and thus to be able to more accurately match data
sharing perceptual characteristics and to better discriminate dissimilar data based on
these semantic image representations.

Explicitly describing perceptual characteristics requires not only, first to extract
relevant visual features, then to represent these features by a higher semantic level
description, but also to define adequate (dis)-similarity functions between such data
representations in order to evaluate the original perceptual similarity.

The standard processing pipeline for image representation is following three
steps [29]: (i) local feature extraction, (ii) feature coding, and (iii) pooling in order
to get the image descriptor. Classification algorithms (like support vector machines)
are then trained on these descriptors.

Despite many feature detectors have been proposed to get salient areas, affine
regions and points of interest [146], SoA methods for classification purpose usually
carry out the feature extraction step using a uniform sampling over a dense grid on
the image [41].
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Let us denote the ”Bag-of-Features” (BoF), i.e. the unordered set of local de-
scriptors, by X =

{
x j
}

, j ∈ {1, . . . ,N}, where x j ∈Rd is a local feature and N
the number of local regions or point of interest detected in the image. If we de-
note as z the final vector representation of the image used for classification, i.e. the
”Bag-of-Visual-Words” (BoVW), the mapping from X to z can be decomposed into
sequential coding and pooling steps [29]. The coding step consists in projecting lo-
cal descriptors into a set of codebook elements, while the pooling step attempts at
gaining some invariance by spatially aggregating the projected codes.

3.1.1 Bag-of-Visual-Words approaches (BoVW)

Inspired from text retrieval [229], visual dictionary-based approaches have been
developed both to overcome the amount of data to be processed and to provide a
relevant similarity between complex representations as BoFs.

As far as we know, Ma and Manjunath were the first to propose in their NETRA
system [137] to exploit quantification properties of LBG algorithm on color pix-
els and to compute unsupervised visual dictionary. Later Fournier et al. [74] used
Kohonen SOM map (on local Gabor feature vectors) to get the visual dictionary
C = {cm}, cm ∈ Rd , m ∈ {1, . . . ,M}, where M is the number of visual words. C

represents the matrix of all the center coordinates:

C =

⎡
⎢⎢⎢⎢⎢⎢⎣

c1,1 . . . c1,k . . . c1,M
...

...
...

cl,1 . . . cl,k . . . cl,M
...

...
...

cd,1 . . . cd,k . . . cd,M

⎤
⎥⎥⎥⎥⎥⎥⎦ (3.1)

This strategy of building a visual dictionary to represent BoF by a unique vector,
called Bag-of-Visual-Words (BoVW), has then be definitively popularized by the
work of Sivic and Zisserman [200] applying this approach on Bags of SIFT. This
is now the most used technique for BoF representation, implementing the two-steps
pipeline: coding, pooling. The coding step can be modeled by a function f : Rd −→
RM as f (x j) = αj (see Figure 3.1) which assigns a weight to the closest center cm
of the BoF vector x j coded:

αm, j = 1 iff m = argmin
k∈{1,...,M}

‖x j− ck‖2

When the weight αm, j is constant, as above, the coding is called hard coding over
the dictionary. The resulting binary code is very sparse. Alternatives to this stan-
dard scheme have been recently developed. Sparse coding [29, 228] modifies the
optimization scheme by jointly considering reconstruction error and code sparsity:
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α j = argmin
α

‖x j−Cα‖2
2 +λ‖α‖1

The strength of this approach is also that one can learn the optimal dictionary C
while optimizing jointly over α . Efficient tools have been proposed to get tractable
solutions [138].

Another extension to hard coding is the so-called soft coding [213] based on a
soft assignment, that is to say αm, j is not anymore a constant weight for all the
vectors in the BoF but holds more precise information on the distribution of the
BoF vectors over the visual dictionary such as, for instance, the distance (or the
similarity) between the visual word cm and the BoF vector x j. Resulting in a dense
code vector, several in between hard and soft coding strategies – semi-soft coding
– have been proposed, such as only considering in the soft code computation the
distance between x j and the k nearest neighbors visual words [133].

The second step for representing a BoF into a BoVW is the pooling step. Con-
sider the pooling operator g: {αj} j∈1,...,N −→ RM as: g({α j} j) = z which aggre-
gates the projections of all the BoF input feature vectors onto the visual dictionary to
get a single scalar value on each row of the H matrix (Figure 3.1). Standard BoVW
representation considers the traditional text retrieval pooling operator that is to say
the sum pooling:

g({α j} j) = z : ∀m, zm =
N

∑
j=1

αm, j (3.2)

or the max pooling operator (when sparse coding strategy is performed):

g({α j} j) = z : ∀m, zm = max
j∈{1,...,N}

‖αm, j‖ (3.3)

Fig. 3.1 BoVW: H matrix, with columns representing the coding operation and rows the pooling
one.

The vector z ∈ RM is the final image representation. Among the extensions to
the traditional pooling operator recently proposed, the Spatial Pyramid Matching
(SPM) is the most powerful [126]: a fixed predetermined spatial image pyramid is
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computed and the previous pooling is operated over each block of the pyramid (see
Section 4.2.1 of Chapter 4 for a detailed presentation). In [30], Boureau turned a
corner by combining both SPM and local pooling over the codes which provides also
a new perspective to other recent powerful approaches since VLAD [108] or Super-
Vector Coding [232] appear then as specific pooling operations. In these aggregated
methods, locality constraints are incorporated during the pooling step: only features
belonging to the same clusters are pooled together.

Another BoVW improvement belonging to the aggregated coding class is the
Fisher Kernel approach proposed by [165]. It is based on the use of the Fisher kernel
framework popularized in [106] with Gaussian Mixture Models (GMM) estimated
over the whole set of images. This approach may be seen as a generalization up to
second order of the super vector approach [232] or to higher orders [167].

Such approaches finally reduce any data representation (how complex ever the
initial data representation was) into one histogram over the visual dictionary. The
idea is to define the explicit mapping of the BoF into the feature space defined by
this codebook.

3.1.2 Vector distances and kernel functions

Up to a factor of normalization, a feature histogram is an approximation of the
feature distribution, when the image is seen as a random variable.

The histogram representation has two drawbacks already mentioned in the pre-
vious section: such a representation does not preserve the spatial information (some
solutions to overcome this limitation have already been mentioned in the previ-
ous section); the feature space quantization has a crucial impact on the size and
the relevance of the feature histograms. Indeed, histogram comparison is com-
monly achieved through bin-to-bin distances, such as the l1 and l2 norms, based
on the assumption of histogram domain alignment. However, this assumption is of-
ten violated when considering visual feature histograms owing to quantization, light
changes, etc.

In their article [164], Pele and Werman clearly present the distances on his-
tograms and their properties. As they pointed out, one way to provide robustness
to bin-to-bin distances lies in modifying the number of bins: if bin number is low,
the distance is more robust to alignment violations, but less discriminative; if bin
number is high, the histogram distance is more discriminative, but less robust. Dis-
tances that account for cross-bin relationships (cross-bin distances) are of two kinds
and can be both robust and discriminative:

The first type is distance of the form

D(P,Q) =
√

(P−Q)T Σ(P−Q)

[91, 164] with P and Q two histograms and Σ the bin-similarity matrix. If the bin-
similarity matrix is positive-definitive, then the distance D is a metric. When the
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bin-similarity matrix Σ is the inverse of the covariance matrix, this distance is the
Mahalanobis distance. If the bin-similarity matrix is the identity, then the distance is
the l2 distance and when the bin-similarity matrix is diagonal, the distance is called
“normalized euclidean distance”.

The second type of distance that takes into account cross-bin relationships is the
Earth Mover’s Distance (EMD). EMD was defined by Rubner et al. [180] as the
minimal cost that must be paid to transform one histogram (P) into the other (Q):

EMDD(P,Q) = (min
{Fi j}∑i, j

Fi jDi j)/(∑
i, j

Fi j) s.t. Fi j ≥ 0 (3.4)

∑
j

Fi j ≤ Pi, ∑
i

Fi j ≤ Q j, ∑
i, j

Fi j = min(∑
i

Pi,∑
j

Q j) (3.5)

where {Fi j} denotes the flows. Each Fi j represents the amount transported from the
ith supply to the jth demand. We call Di j the ground distance between bin i and bin
j. If Di j is a metric, the EMD as defined by Rubner is a metric only for normalized
histograms.

The above distance definitions are only valid if the two distributions have the
same integral, as in normalized histograms or probability density functions. In that
case, the EMD is equivalent to the 1st Mallows distance or 1st Wasserstein distance
between the two distributions. Recently, Pele and Werman [163] proposed a modi-
fied version of EMD extending standard EMD to non-normalized histograms.

Since a feature histogram is an approximation of the unknown feature distri-
bution, similarity measures on distributions are often applied to histograms as, for
instance the Kullback-Leibler divergence, considering that these histograms are ap-
proximations of the same distribution. This assumption usually makes sense since
the feature histograms to be compared are data representation outputs of the same
feature extraction process (see Chapter 2).

In many histogram comparison situations, the difference between large bins is
less important than the difference between small bins and should then be reduced.
One can then normalize the feature vectors P and Q (z-score computation, for in-
stance) before considering any standard distance. However some distances take this
into account, such as the Chi-Squared (χ2) distance :

χ2(P,Q) =
1
2 ∑

i

(Pi−Qi)
2

(Pi +Qi)

The χ2 histogram distance comes from the χ2 test-statistic [203]. This is the tra-
ditional statistic for measuring the dependency between two variables (in a contin-
gency table). It compares the observed frequencies with the frequencies that one
would expect if there were no dependency between the variables. First introduced
by LeBart et al. in [9] as a histogram measure in text retrieval context, χ2-distance
was successfully used for texture and object categories classification [186, 38, 83],
local descriptors matching [71], shape classification [19, 92] and boundary detection
[141]. The cross-bin χ2 -like normalization reduces the effect of large bins having
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undo influence. Normalization was shown to be helpful in many cases, where the
χ2 histogram distance outperformed the l2 norm.

In [65], Fauqueur presents a state of the art of most used similarity measures.
Building new distances for histograms is still an active field of research which aims
at improving histogram matching for classification as in [164].

Classically, X , the space in which raw extracted visual features are defined, is
called the input space (for instance, for feature vectors of dimension p, X =R

p). A
kernel function k on XxX is a function which allows to evaluate similarity, correla-
tion, between two data descriptions x,y ∈ X . One of the definitions of kernels is: if
we can find an embedding function φ (injection) which maps any data x to a vector
φ(x) in a Hilbert space (induced space or feature space), then the function k defined
by the following dot product in the induced space:

k(x,y) =< φ(x),φ(y)> (3.6)

is a kernel function overX [196]. The embedding function φ can either be explicitly
or implicitly defined. This definition also provides two ways to build a kernel func-
tion k either by exhibiting the mapping function φ or starting from an existing valid
kernel function k′ and modifying its mapping function φ ′, with respect to bilinear
properties of dot product, in order to design the final mapping function φ of k.

This definition is also the reason for the growing interest for kernel functions:
since a kernel is a dot product (in an induced space), it ideally replaces dot products
in decision making algorithms (as regression, classification / neural networks, sup-
port vector machines...) that linearly estimate a decision function providing these al-
gorithms with non-linear decision function estimation capability. Furthermore, with
this new non-linear potential these algorithms have been extremely successful at a
wide variety of supervised and unsupervised Machine Learning tasks: for instance,
using the string kernel Distant Segments, Boisvert et al. [25] have obtained the best
results, until now, for the problem of HIV-1 co-receptor usage prediction. Because
of this special adequateness with kernel functions, these algorithms have been gath-
ered under the name kernel machines (see Section 3.2.1).

A kernel function k can equivalently be defined through a dot product eq.(3.6) or
as a semi-definite positive function: a kernel k is symmetric over XxX and verifies:

∀{xi}i=1...n ∈ X ,∀{αi}i=1...n ∈ R,
n

∑
i=1

n

∑
j=1

αiα jk(xi,x j)≥ 0 (3.7)

An easy way to verify if a kernel is positive, consists in insuring that all eigenvalues
of its Gram Matrix are positive. Given a set of vectors {xi}i=1...n ∈ X , the Gram
matrix K of a kernel k is the n dimensional matrix such that: Ki j = k(xi,x j).

Among the most popular kernels, let us mention:

• Gaussian RBF kernel: k(x,y) = exp−
‖x−y‖2

2σ2

• Polynomial kernel: k(x,y) = (x ·y+1)q
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• Gaussian χ2-kernel: k(x,y) = exp−
χ2(x,y)

σ

Histogram intersection is a similarity measure between two color histograms
which has been proposed by Swain and Ballard [205] for color indexing. Let us
use the same notation as in Barla et al. [12] for A and B the histograms of the im-
ages Aim and Bim. Both histograms consist of m bins, and the ith bin for i = 1,...,m is
denoted with ai and bi respectively. Let us assume that Aim and Bim have the same
size (N pixels); by construction we have ∑m

i=1 ai = N and ∑m
i=1 bi = N. Then:

I(A,B) =
m

∑
i=1

min(ai,bi) (3.8)

In [12], the authors proved that histogram intersection IA is a kernel by expand-
ing the histogram A into a N×m-dimensional binary vector A defined as

A = (

a1︷ ︸︸ ︷
1,1, ...,1,0,0, ...,0︸ ︷︷ ︸

N−a1

,

a2︷ ︸︸ ︷
1,1, ...,1,0,0, ...,0︸ ︷︷ ︸

N−a2

, ...,

am︷ ︸︸ ︷
1,1, ...,1,0,0, ...,0︸ ︷︷ ︸

N−am

) (3.9)

and similarly B with B.
The histogram intersection I(A,B) in Eq.(3.8) can be readily written as the stan-

dard inner product between the two corresponding vectors A and B:

I(A,B) = A ·B (3.10)

In the case of images of different sizes, the above holds by setting the dimension of
A and B to M×m where M is the maximum size of any input. As noted in [87], this
binary encoding only serves to prove positive-definiteness and is never computed
explicitly.

3.1.3 Bag-of-Features (BoF) similarity and retrieval

In the previous section, we have described similarity measures when each data is
represented by a single vector which highly reduces the amount of vectors to be
compared. However, Bag-of-Features (BoF) showed to be more powerful when in-
formation retrieval targets object categories, especially when the categories are re-
lated to objects which cover only a (small) part of the data (image or video) and that
feature vectors should then represent very local descriptions.

Let image I j be represented by a feature bag B j composed of s unordered vectors
bs j ∈ R

p: B j = {bs j}s. Let B the database of images and F the database of feature
vectors b. Let Iq be a query image represented by a bag Bq = {brq}r. In the context

A In [12] Barla et al. called the histogram intersection kernel Kint and work on non-normalized
histograms. The notation I has been further introduced when considering intersection between
normalized histograms. For the sake of clarity, we only keep the notation I in this book.
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of database ranking, denoting score j = score(Iq, I j) the score between the query
image Iq and image I j, the retrieval process in the database B can be written as:

Sort
I j∈B

(score j) (3.11)

Several strategies have been proposed to define the score score j which can be
formally written as:

score j = ∑
brq∈Bq

∑
bs j∈B j

f (brq,bs j) (3.12)

where f is a similarity function that reflects the similarity between two descriptors
brq and bs j. The main strategies are detailed in the next subsections.

Let us introduce the general notation:

fP(x,y) = 1IP(x,y) (3.13)

where 1IP(x,y) is the indicator function that takes the value 1 when the predicate P
is true and 0 otherwise.

3.1.3.1 Voting-based Strategy

The principle of the voting method is to search, in the feature databaseF , the nearest
neighbor vectors of the r vectors brq from the query image Iq. Each feature vector
bs j which is among the k nearest neighbors of one of the query PoIs {brq}, increases
by 1 the score score j representing the similarity score of the image I j with the query
Iq (i.e. bs j “votes” for I j as similar to the query Iq).

In the framework of eq.(3.12) using notation of eq.(3.13), for a voting strategy
based on R Nearest Neighbors (RNN) search algorithm f is defined as:

f (x,y) = fRNN(x,y) = 1Id(x,y)≤R (3.14)

where d(., .) is a distance (or dissimilarity measure) defined in the descriptor space.
This voting measure is symmetric. For instance, SIFT descriptors which are 128-
dimensional feature vectors, are typically compared using Euclidean distance and R
has often been set to 200 in our experiments.

An other strategy consists in using a k Nearest Neighbors (kNN) search algo-
rithm:

f (x,y) = fkNN(x,y) = 1Ix∈kNN(y) (3.15)

where fkNN(x,y) = 1 only if x is among the k Nearest Neighbors of y. It has to be
noticed that this similarity measure is not symmetric.

The voting techniques met a big success in computer vision community for copy
detection task. Lowe [134] provided not only an algorithm for both extraction and
description of unordered sets of SIFT PoIs to represent image content, but also a
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two-step retrieval technique of (locally) similar images: a fast kNN search for each
PoI from the query, then a voting strategy to rank the images of the database with
respect to the number of “matching votes” to the query. However, such techniques
only count the number of “good” matches between images, considering all matches
as equivalent. This provides robustness to occlusion in copy detection context but
is a drawback for similarity search task. A more semantic-oriented matching would
then account for matching accuracy but also matching impact.

Jegou et al. [107] showed that the use of a visual dictionary for image retrieval
can be interpreted as a voting strategy which matches individual descriptors with
a nearest neighbors (NN) search algorithm. The codebook construction defines a
quantizer Q that is formally a function:

Q : Rd → [1,k]
x �−→ Q(x)

(3.16)

that maps a local descriptor x ∈ R
d to an integer index referred to a codeword. The

quantifier Q(x) is then the index of the closest codeword to the descriptor x.
Using notations of eq.(3.13) and eq.(3.16), the similarity function f between two

descriptors is defined as:

f (x,y) = fQ(x,y) = 1IQ(x)=Q(y) (3.17)

Note that the score score j obtained by using this similarity function in eq.(3.12) still
corresponds to the dot product between two BoW vectors [107].

When huge database are considered, computation time and memory become a
real issue. If sparse, BoVW features can be computed very efficiently using an in-
verted file. These aspects are discussed in Chapter 5.

3.1.3.2 Kernel on Bag-of-Features

Projecting data onto a visual dictionary, as good as it could be, is not a lossless
compression process. Richer representations may be investigated.

One of the main properties of kernel functions is to provide similarity between
data from non-metric spaces, even from non-vector spaces. Among complex data
structures, BoFs as sets of vectors (allowing repeated vectors) Bi = {bri}r belong to
the set of subsets Parts(B) which is not a vector space. Let us denote Φ : Parts(B)→
H the embedding function which maps any bag Bi to a vector Φ(Bi) in a Hilbert
space H. To design kernels over sets, one can define a function K corresponding to
a dot product in the induced space:

K(Bi,B j) =< Φ(Bi),Φ(B j)> . (3.18)

One classic kernel on bags is defined in [197]:
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K(Bi,B j) = ∑
bri∈Bi

∑
bs j∈B j

k(bri,bs j), (3.19)

where k is the minor kernel function on bri ∈ B. If we define by Φ the embedding
function into the feature spaceH, we have in this case: Φ(B j) = ∑br j∈B j φ(br j).

This approach can be seen, in the formalism of eq.(3.12), as a voting approach
with score j = K and where the hard-assignment fRNN or fkNN is replaced with a
soft-assignment k. In other words, instead of increasing the score score j for good
matches, all matches are considered but they are weighted regarding their influence
on the matching of the two bags.

The function of eq.(3.19) is semi-definite positive (see [197], Chap. 9 for proof),
however it returns the average similarity between all the local descriptors which
may smooth good match impact in presence of too noisy data.

In order to increase the high matches k(bri,bs j), Lyu [136] introduces the follow-
ing kernel function:

Klyu(Bi,B j) =
1
|Bi|

1
|B j| ∑

bri∈Bi

∑
bs j∈B j

k(bri,bs j)
q. (3.20)

Using a high value of q, high matches are increased much more than low matches.

One step further has been done by Grauman and Darrell [87] who designed a
kernel function, the pyramid match kernel, to compute the optimal partial matching
between BoFs of variabled-size. This kernel takes into account the distribution of
PoIs in the feature space through a multi-level hierarchical block matching. At the
finest level, the feature space is clustered such that each unique d-dimensional fea-
ture vector falls into its own cluster. At the next level, the side length of the cells is
doubled. This step is repeated until all feature points fall into the same unique cell.
At a resolution level, the clustering is mapped to an histogram: each clustering cell
corresponding to one bin of the histogram. The whole multi-resolution clustering
is thus mapped to a multi-resolution histogram pyramid. Let X = x1,x2, ...,xm with
xi ∈R

d be a BoF, at one resolution level the histogram stores the distribution of fea-
ture vectors from X . The feature extraction function Ψ for an input feature vector
BoF X is defined as:

Ψ(X) = [H0(X), ...,HL−1(X)] (3.21)

where L = 
log2(D)�+1, D is the maximal range between any two feature vectors
in the feature space, Hi(X) is a histogram vector formed over points in X using
d-dimensional bins of side length 2i, and Hi(X) has a dimension ri = (D

2i )
d .

The pyramid match PΔ measures similarity (or dissimilarity) between point sets
based on implicit correspondences found within this multi-resolution histogram
space. The similarity between two input sets Y and Z is defined as the weighted
sum of the number of feature matchings found at each level of the pyramid formed
by Y:



3.2 Learning algorithms 31

PΔ (Ψ(Y),Ψ(Z)) =
L

∑
i=1

1
d2i (I(Hi(Y),Hi(Z))−I(Hi−1(Y),Hi−1(Z)) (3.22)

where Hi(Y) and Hi(Z) refer to the ith histogram in Ψ(Y) and Ψ(Z) respectively,
and the difference under the sum between the two intersection kernels provides the
number of newly matched pairs at level i. A new match is defined as a pair of fea-
tures that were not in correspondence at any finer resolution level. Speedup kernel
ranking scheme may be performed using approximate kNN search [40]. In [85],
Grauman extended this scheme to a vocabulary-guided pyramid using a visual dic-
tionary on PoIs, thus compacting BoFs. See Chapter 5 for a detailed presentation of
the scalability issues.

All these works illustrate the power of kernel representation for similarity, deal-
ing with non-vector spaces and fitting in most efficient machine learning algorithms.

3.2 Learning algorithms

Visual representations and similarities are used in more general data processing
chain in order to address classification, retrieval or detection problems. All of them
are performing decision processes that usually include learning.

Machine Learning has boomed for 20 years now. We focus in this section on two
learning strategies – SVM and Boosting – that have been very successful for the last
decade. SVM and Boosting strategies are used in various research and engineer-
ing areas, from text categorization to face recognition. They are commonly used as
learning algorithm for classification and retrieval for their effectiveness [216, 105].

3.2.1 Support Vector Machines

SVM is a supervised learning method originally used for binary classification and
regression [216]. They are the successful application of the kernel idea [5] to large
margin classifiers [215] and have proved to be powerful tools. We briefly give op-
timization scheme details and solvers are discussed. See [51] for a comprehensive
introduction to Support Vector Machines.

Optimization formulation

Using kernel notations previously defined (cf. Eq 3.6), the classifiers we are consid-
ering here, associate classes y = ±1 to data descriptions or patterns x ∈ X by first
mapping the data into feature vectors φ(x) in an induced space and taking the sign
of a linear discriminant function f depending on two parameters w and b:
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f (x) = 〈w,φ(x)〉+b (3.23)

Thanks to the Reproducing Kernel theory [7], the function f may be written as
a kernel expansion: f (x) = ∑n

i=1 αik(x,xi)+ b and w as linear combination of the
training data in the induced space: w = ∑n

i=1 αiφ(xi). Examples such that αi �= 0 are
called Support Vectors.

For many linear decision methods, parameters w and b are determined using a
set of n training examples (x1,y1) · · ·(xn,yn) and an optimization criterion. Support
Vector Machines (SVM) [89] are a linear classifier that separates the training set
with the widest margin (distance to the hyperplane of the closest points on both
side) in the feature space induced by the kernel function k.

As the distance between any pattern x and the hyperplane is y f (x)
||w|| , the hard margin

SVM optimization may be easily formulated as:

min
w,b

1
2
‖w‖2 subject to ∀i, yi f (xi)≥ 1 (3.24)

As explained in [50], if the data are noisy, it is interesting to allow some examples
to violate the margin constraint. The resulting optimization scheme is the soft mar-
gin version of the SVM. Introducing the slack variables ξi, the l1-norm Soft SVM
minimizes the following objective function in feature space:

min
w,b

1
2
‖w‖2 +C

n

∑
i=1

ξi subject to ∀ i yi f (xi)≥ 1−ξi and ξi ≥ 0 (3.25)

When compared to a l2-norm algorithm (on ξ variables), l1-norm scheme is less
sensitive to outliers in training data. For very large values of the hyper-parameter
C, this expression minimizes ‖w‖ (i.e. maximizes the margin) under the constraint
that all training examples are correctly classified (all the ξi equal to zero). This is
exactly the hard margin problem. For small C, ξi are no more forced to zero, and
this constraint relaxation (soft margin) is decisive to get good results on noisy data.

An another way to express the optimization problem requires the hinge loss func-
tion � defined as �(yi f (xi)) = max(0,1− yi f (xi)). Using �, the optimization prob-
lem of equation 3.25 is equivalent to:

min
w,b

1
2
‖w‖2 +C

n

∑
i=1

�(yi f (xi)) (3.26)

When the induced space is a finite dimensional space, it is possible to solve this
primal formulation of the optimization problem. Otherwise, learning SVM can be
achieved by solving the dual of this convex optimization problem. The standard
formulation is defined as:

max
α ∑

i=1
αi− 1

2 ∑
i, j

yiy jαiα jk(xi,x j) subject to ∀ i
{

∑i αiyi = 0
0≤ αi ≤C (3.27)
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Solvers

Efficient numerical algorithms have been developed to solve the dual SVM opti-
mization formulation. It may be expressed as a dual Quadratic Programming prob-
lem. The best known methods are the Conjugate Gradient method [214] and the
Sequential Minimal Optimization (SMO) [170]. Both methods work by making
successive searches along well chosen directions. Some famous SVM solvers like
SVMLight [109] or SVMTorch [49] propose to use decomposition algorithms to de-
fine such directions. Each direction search solves the restriction of the SVM problem
to the half-line starting from the current vector α and extending along a specified di-
rection. For SMO, Platt [170] observes that direction search computations are much
faster when the coefficients of the search direction u are almost zero. To ensure the
constraints ∑k uk = 0, the SMO algorithm uses search directions whose coefficients
are all zero except two (a single +1 and a single −1). The state-of-the-art imple-
mentation of SMO is libsvm [35].

The use of a linear kernel (or a explicit mapping) simplifies the SVM optimiza-
tion problem. w may be explicitly expressed avoiding the kernel expansion any-
more, and the kernel matrix computation. Computing gradients of either the primal
or dual cost function is very cheap making linear optimization very interesting for
large scale databases.

Recent work exhibits new algorithms scaling linearly in time with the number of
training examples. SVMPerf [110] is a simple cutting-plane algorithm for training
linear SVM converging in linear time for classification. LibLinear [64] also reaches
very good performances on large scale datasets, converging in linear time with an
efficient dual coordinate descent procedure.

Solving linear SVM in the primal can also be very efficient. Stochastic Gradient
Descent (SGD) approaches [28] usually obtain the best generalization performances
(pegasos [194], svmsgd [27]). Many details and comparisons of large scale SVM
optimization methods may be found in [26] that deeply inspired the writing of this
section. SGD implementation has been used by the winners of the PASCAL VOC
large scale challenges 2010 and 2011 [61].

SVM have been very successful and are very widely used because they reliably
deliver state-of-the-art classifiers with minimal tweaking.

3.2.2 Multiple Kernel Learning for feature combination

The Bag Of Words model previously introduced, (including spatial information de-
tailed in Chapter 4), proved to reach state of the art performances in many im-
age categorization tasks. However, it is still a very challenging task because most
descriptors present strong intra-class variabilities and inter-class correlations. De-
signing efficient feature combination strategies is way to improve classification per-
formances that has been extensively studied in the 2000s. Multiple Kernel Learn-
ing(MKL) [10] is now widely used in machine learning applications as an alternative
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method for combining multiple features, thanks to the availability of efficient algo-
rithms [175, 39]. It is also a very hot topic in Computer Vision community where
the visual feature combination problem is very challenging for classification tasks
(see for instance the workshop on Kernels and Distances for Computer Vision at
ICCV 2011). Different features are obtained by projection of local descriptors on
a visual codebook, and MKL strategies used to optimize their combination [218].
MKL offers the possibility to jointly learn the weighting of the different channels
(features and similarity kernels) and the classification function [11]. The goal is to
find the optimal classification function f defined as follows:

f (x) = ∑
i

αiyi ∑
m

βmkm(x,xi)−b (3.28)

where the variable to be optimized are both the α and the w. Efficient algorithms
exist for solving the related optimization convex problem [174].

Recent works attempting at using MKL on image datasets for combining dif-
ferent channels [219, 79] use MKL optimization algorithms based on �1 norm to
regularize the kernel weights, like SimpleMKL [174]. Since this leads to sparse
solutions, most studies report that MKL is often outperformed by simple baseline
methods (product or averaging) [219, 79]. However, especially in Computer Vision
context, the different kernels are generated from different visual modalities, most of
them being informative and many of them being complementary (e.g. edge, color
and texture). Therefore, it is more interesting to find a proper weighting between
them than performing kernel selection. There exists however �2 MKL optimization
schemes [119] to solve the MKL problem, but except [227], there has been few
attempt to apply these schemes on image databases to find a non-sparse combi-
nation of complementary descriptors. An hybrid strategy [168] aims at learning a
non-sparse combination between different image modalities, but still using a �1 op-
timization algorithm. The idea is to generate for each descriptor numerous kernels
by varying their parameters (e.g. standard deviation σ for gaussian kernels). For
each channel c, M kernels Kc,σ are considered, and few of them are selected using
a �1 MKL strategy (corresponding to a σ parameter selection). This adapted MKL
problem formulation leads to find the optimal function of the form:

f (x) =
Ne

∑
i=1

αiyi

Nc

∑
c=1

σM

∑
σ=σ1

βc,σ kc,σ (x,xi)−b (3.29)

where the joint optimization is performed on αi (Ne parameters) and βc,σ (Nc ×
M parameters). This approach allows to jointly learn individual kernel parameters
σ and kernel combination coefficients βm. The sparse solution output by �1 MKL
algorithms is therefore used as an option to cross-validation. Other approaches like
�2 MKL use a two-step procedure: optimal σ is first determined by cross-validation,
and combining the kernels is then performed for a fixed σ . This leads to a sub-
optimal parameter estimation with respect to the global optimization scheme.

More general combinations than MKL have been proposed by Varma et al. with
a gradient descent based learning algorithm named GMKL [217].
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3.2.3 Boosting

The concept of Boosting was introduced in 1995 by Freund [75]. As described in
[105], “Boosting is a way of combining the performance of many “weak” classi-
fiers in order to produce a powerful “committee”, by sequentially applying a clas-
sification algorithm to re-weighted versions of the training data and then taking
a weighted majority vote of the sequence of classifiers thus produced”. For many
classification algorithms, this simple strategy results in dramatic improvements in
performance. Boosting algorithm uses weak classifiers (error rate δ < 0.5) of a pri-
ori knowledge to build a strong classifier.

Algorithm 1 Boosting basics
Parameters: ht weak learners
Input: A set A of examples (training data) with labels Y = {−1,+1}
Initialization: All examples have the same weight
for t = 1 to T do

Use ht with A and current weight distribution
Increase weights of misclassified examples at current iteration

end for

Output: H a majority weighted vote of all ht

In 1996 Freund and Schapire propose the AdaBoost (Adaptive Boosting) algo-
rithm allowing to choose automatically weak assumptions with adjusted weight.
AdaBoost does not depend anymore on a priori knowledge [76]. Here is a concise
description of AdaBoost in the two-class classification setting (Algorithm 1). We
define H(x) = ∑T

1 αtht(x) where each ht(x) is a classifier producing values +1 or
−1 and αt are constants; the corresponding prediction is sign(H(x)). The AdaBoost
procedure trains the classifiers ht(x) on weighted versions of the training samples
from A, giving higher weights to cases that are misclassified at current iteration.
This is done for a sequence of weighted samples, and then the final classifier is
defined to be a linear combination of the classifiers from each stage.

Let us first present the most common boosting algorithm for classification con-
text: Discrete AdaBoost (Algorithm 2).

Other versions differ from the Discrete AdaBoost algorithm by modifying one,
some or all the following steps in the (Algorithm 2): 3:, 4:, 5:, 6: and 7:.

• Real AdaBoost (1998): weak learner returns a class probability estimate pm(x).
The contribution to the final classifier is half the logit-transform of this probabil-
ity estimate.

• GentleBoost (1998): modified version of Real AdaBoost using Newton stepping
rather than exact optimization of pm at each step.

• LogitBoost (2000): additive logistic regression model
• BrownBoost (2001): examples far from boundary are considered as noise and

thus decreased in weight
• FloatBoost (2003): remove the worst WeakLearners at each iteration
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Algorithm 2 AdaBoost (Discrete AdaBoost)
Ew represents the expectation over the training data with weights w =
(w1,w2, . . . ,wN), and 1IS is the indicator of the set S. At each iteration, AdaBoost
increases the weights of the observations misclassified by ht(x) with a factor that
depends on the weighted training error.
1: Initialization: Start with weights wi = 1/N, i = 1, . . . ,N.
2: for t = 1,2, . . . ,M do

3: Fit the classifier ht(x) ∈ {−1,+1} using weights wi on the training data.
4: Compute errt = Ew[1I(y�=ht (x))].
5: αt = log((1− errt)/errt).
6: Set wi ← wi exp[αt1I(yi �=ht (xi))], i = 1,2, . . . ,N.
7: renormalize wi so that ∑i wi = 1.
8: end for

9: Output: the classifier sign[H(x) = ∑M
m=1 αt ht(x)]

• JointBoost (2004): multi-class boosting, jointly train N binary classifiers sharing
same features

Many other AdaBoost versions are available dedicated to specific configurations
(noise, multi-class problem, etc).

Let us present apart a boosting algorithm quite different from above versions of
AdaBoost. Indeed, even if RankBoost is a classification Boosting based algorithm,
the purpose of this learning method is to classify data against each other with re-
spect to a rank of classification (Algorithm 3)B. The algorithm takes the outline of
AdaBoost but replaces the examples by pairs (positive examples against negative ex-
amples). The selection aims at maximizing the score of positive examples compared
to that of negative examples. The dataset is then ranked by sorting H values.

3.2.4 Linear Programming Boosting (LPBoost) for Multiple
Kernel Learning (MKL)

As detailed in section 3.2.2, MKL has proved to be a very efficient way to combine
multiple features. Among all the methods, the LP-β approach proposed by Gehler
and Nowozin [78] has been for a long time the most efficient algorithm, even though
very recently Orabona et al. [159] proposed a new MKL formulation and a fast
stochastic gradient descent method that solves this novel MKL formulation. Gehler
and Nowozin interprete the MKL decision function as a convex combination of F
SVMs (denoted fm) and propose several formulations based on LPBoost algorithm
[55] in order to optimize the β coefficients in eq.(3.28). Among these formula-
tions, their LP-β algorithm consistently outperforms all other considered methods

B As for boosting, other schemes different from classification framework have been recently pro-
posed. They focus on optimizing the ranking instead of classification error [212].
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Algorithm 3 RankBoost
Parameters: ht weak learners
Input: A set A of examples (training data) with labels Y = {−1,+1} {
lets denote ip positive example index and in negative example one.}
Initialization: Set example distribution with D1(ip, in) = 1

np∗nn
, i = 1, . . . ,m, with np =

#{positive examples} and nn = #{negative examples}
for t = 1 to T do

Find the weak learner ht which maximize classification score rt with respect to example
difficulty Dt ,

rt = arg max
ht∈H

m

∑
ip,in

Dt(xip ,xin )[ht(xip )−ht(xin )]

Choose αt ∈ R the weight of the weak learner so that αt =
1
2 log 1+rt

1−rt

Update weights of training example pairs: Dt+1(xip ,xin ) =
Dt (xip ,xin )e

−αt (ht (xin )−ht (xip ))

Zt
with Zt

a normalization factor.
end for

Output:H(x) = ∑T
t=1 αt ht(x)

at the time. In their boosting framework, adding more learners comes with a reason-
able additional cost since it only scales linearly in F , furthermore any trained weak
learner can be reused.

The two step training procedure arguably is less principled than a joint optimiza-
tion eq.(3.28): Ideally there would have enough data to adjust fm and β on indepen-
dent sets. Since this is usually not the case, the authors propose the following two
stage scheme to avoid biased estimates.

First they perform model selection using 5 fold cross-validation to select the best
hyperparameters for each SVM fm individually (i.e. at least the SVM standard regu-
larization parameter Cm). At this point the only parameter left is the hyper-parameter
ν from LPBoost formulation [55] which trades the smoothness of the resulting func-
tion with the hinge loss on the points, analogously to the SVM standard regulariza-
tion parameter. Since there is no independent training data left to set this parameter
they compute for each fm the cross-validation outputs using its best regularization
parameter identified before. This results in a prediction for each training point us-
ing a classifier which was not trained using that point (but on other percentage of
the training data). The cross-validation outputs of all SVMs fm are used as train-
ing data for LP-β . They perform cross-validation to select the best parameter ν and
subsequently train the final combination β .

The main concern using this scheme, is that the input to the LP-β training is
not from the classifier fm later used in the combination. However it is reasonable
to assume that the learners used to produce the training data for LP-β are not too
different. The experiments validate this assumption as there is no overfitting for the
LP-β model. Owing to the two training stages most of the training can be done in
parallel with each piece being reasonably fast.

Most results, Gehler and Nowozin obtained, turn out to be disadvantageous for
the classic MKL formulation because the fm kernels on their own are already dis-
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criminative. It should be pointed out that from the experiments and the conclusion of
Gehler and Nowozin, the kernel combination baseline methods average and product,
should always be considered as canonical competitors to MKL and included in any
study using MKL. With LP-β , they derive a method that yields better performance,
is equally fast and leads to sparse multiclass object classification systems.

3.2.5 Interactive learning

In classification task, Machine Learning algorithms aim at learning a statistical es-
timation of a classification function fA using examples (or training data) in order
to predict the proper label of any data. Let X = {xi}1,n be the n image indexes
of the database. A training set is expressed as a subset of X provided with valid
labels: A = {(xi,yi)i=1,n}. The classifier is then trained using these labels, and a
classification function fA is determined. The set of unlabeled data is denoted by
U = {(xi,yi)i=1,n | yi = 0}.

The classification function fA is usually defined as a linear combination of ba-
sic functions which are evaluated on (all) examples from the training set A. The
definition of this combination coefficients and the definition of the basic functions
depend on what is the decision issue targeted: classification, retrieval, etc., and how
the decision is taken: Support Vector Machines, Boosting, etc.

In classification task, the whole training set is involved in building the decision
function, usually defined by the sign of classification function, which determines
the class label to unlabeled data.

Retrieval task is usually considered as a binary classification: the relevant class,
the set of images corresponding to the user query concept, and the irrelevant class
composed by the remaining in the database. The above training set becomes then
A= {(xi,yi)i=1,n | yi �= 0}where yi = 1 if the image xi is labeled as relevant, yi =−1
if the image xi is labeled as irrelevant. The classification function becomes then a
relevance function whose value reflects the relevance of unlabeled data with respect
to their similarity to the query.

Active learning strategies [103] aim at minimizing classification error over the
whole set of images B by selecting elements from the unlabeled data pool U in B
which are the most “informative” and thus should be annotated to improve the most
the classification. This specific process, compared to simple classification methods,
is called sampling strategy in [37]. The user, considered as an expert, must then iter-
atively annotate as positive (relevant) or negative (irrelevant) strategically selected
images [98], in a process called relevance feedback loop [181, 233].

Such strategies are particularly relevant in image interactive learning context
since only few annotations should be required from the user to define the train-
ing set. As a consequence the training set is small, new annotated data must thus
provide highest classification improvements.
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The user considered as an expert providing annotations to the system can then
be represented by a function s : B → {−1,1}, which assigns a label to an image of
the database. The crucial point is now to define the criterion whose minimum will
provide the example leading to an optimum with respect to the objective.

In classification context, the criterion to be minimized is commonly the classifi-
cation error on unlabeled dataset U , over all the classification functions fA. In the
case where only one image xi has to be selected, this minimization is computed
over all fA on the previous training set A augmented with the annotation s(xi) of
the image xi:

i� = argmin
xi∈U

R( fA∪{(xi,s(xi))}) (3.30)

with R( fA) a risk function, which can have different definitions depending on the
approximation introduced in its evaluation:

• For instance, Roy & Mc Callum [179] propose a technique to determine the data
xi which, once added to the training set A with user annotation s(xi), minimizes
the error of generalization. This problem cannot be directly solved, since the
user annotation s(xi) of each xi image is unknown. Roy & Mc Callum [179] thus
propose to approximate the risk function R( fA) for both possible annotations,
positive and negative. The labels s(xi), being unknown on U , are estimated by
training 2 classifiers for both possible labels on each unlabeled data xi.

• Another selection strategy has been proposed by Tong et al. [207]. Their SV Mactive
method aims at focusing on the most uncertain data x: fA(x) ∼ 0. The solution
to the minimization problem in eq. (3.30) is then:

i� = argmin
xi∈U

(| fA(xi)|) (3.31)

• In [31], Brinker incorporates a diversity metric into sample selection that outper-
forms previous methods. This method is named angle diversity and represents
now, for sample selection, the state of the art. The main idea is to select the im-
age that is the most uncertain while at the same time is the less similar to already
labeled images A. The solution to the minimization problem in eq. (3.30) is re-
written:

i� = argmin
xi∈U

(λ ∗ | fA(xi)|+(1−λ )(max
x j∈A

|K(xi,x j)|√
K(xi,xi)K(x j,x j)

)) (3.32)

λ is a parameter which allows to balance the diversity and the uncertainty.

For all these methods, once the image xi� is labeled, this image is added to the
training set A. The classifier is then retrained to update the relevance function fA.
However, one of the main drawbacks of all these methods is that to find the optimal
image the whole database must be ranked with respect to fA output, after each in-
teractive labeling iteration.
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In a Content-Based Information Retrieval context, a dedicated criterion may lead
to improved results (regarding the objective): Gosselin et al. [82] proposed to max-
imize a Mean Average Precision (MAP) criterion instead of a classification error in
order to better fit to CBIR objective.

3.3 Conclusion

In this chapter, starting from the set of visual local descriptors described in Chap-
ter 2, the so-called Bag-of-Features, the main stages for image representation, com-
parison and classification have been introduced.

We have detailed the standard processing pipeline for image representation fol-
lowing two steps: (i) feature coding, and (ii) pooling in order to get the image
descriptor. These two steps are the most widespread technique to easily design a
similarity measure on Bags-of-Features by transforming BoFs into one vector and
considering then any similarity function on vectors. Clustering the feature space
provide a codebook on which first all the local descriptors are projected to in or-
der to code the feature distribution. The spatial aggregation of the projected codes
during the pooling step provide then some invariance.

We have further extensively described alternative strategies to preserve more in-
formation by accounting for all local feature matching into the similarity measures.
If among these techniques, the voting strategy met a high success for copy detection
context, we have focused on presenting more semantic-oriented matching between
complex data structures. Indeed, Bags-of-Features belonging to sets of subsets of
the feature space which is not a vector space, require powerful similarity functions.
The kernel functions defining similarity between data from non-metric spaces, even
from non-vector spaces, have thus attracted lots of efforts and we have presented
here two powerful kernel dealing accounting for feature spatial information. The
main advantage of kernel functions is their intrinsic embeddability into most effi-
cient machine learning algorithms.

We have focused in the last part on SVM and Boosting which have been very
successful for the last decade, in various research and engineering areas, from text
categorization to image recognition. We have presented not only these two frame-
works in detail but also new trends in machine learning as Multiple Kernel Learning
in both SVM and Boosting contexts and as active learning strategies.



Chapter 4

Spatial and multi-resolution context in visual

indexing

Jenny Benois-Pineau, Aurélie Bugeau, Svebor Karaman, Rémi Mégret

Abstract Recent trends in visual indexing make appear a large family of methods
which use a local image representation via descriptors associated to the interest
points, see chapter 2. Such approaches mostly ”forget” any structure in the im-
age considering unordered sets of descriptors or their histograms as image model.
Hence, more advanced approaches try to overcome this drawback by adding spatial
arrangements to the interest points. In this chapter we will present two trends in
incorporation of spatial context into visual description, such as considering spatial
context in the process of matching of signatures on one hand and design of structural
descriptors which are then used in a global Bag-of-Visual-Words (BoVW) approach
on the other hand. As images and video are mainly available in a compressed form,
we shortly review global descriptors extracted from compressed stream and hence
less sensible to compression artifacts. Furthermore, on the basis of scalable, multi-
resolution/multi-scale visual content representation in modern compression stan-
dards, we study how this multi-resolution context can be efficiently incorporated
into a BoVW approach.

4.1 Introduction

If one can try today to trace the origins of approaches for indexing and retrieval
of visual information such as images, videos and visual objects in them, tree main
sources could be identified. They are i) text indexing and retrieval approaches, ii)
visual coding by vector quantization, iii) structural pattern recognition.

The first two families of methods together with local image analysis inspired the
Bag-of-Visual-Words (BoVW) approach which has been exhaustively presented in
chapters 2 and 3. In this approach the visual content of an image, a video frame
or an object of interest is characterized by a global signature. The latter represent
histograms of quantized visual descriptors obtained by the analysis of local neigh-
bourhoods. Hence the spatial relations in image plane between regions in images
and object parts are lost.
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Conversely, spatial relations are at the core of structural pattern recognition,
where spatial graph models are used to describe the visual content. In this case
the nodes of the graph represent the visual primitives extracted from the images
during an analysis step, and encode elements such as homogeneous regions, linear
primitives from contour and skeleton or points of interest. The graph edges encode
the spatial relations of the primitives in the image plane. Hence matching and sim-
ilarity search between visual entities can be formulated as a graph-matching prob-
lem [195, 177].

In the case of large graphs covering the whole image content the graph match-
ing becomes computationnaly heavy and cannot be deployed at a large scale for
visual indexing and retrieval. Therefore, given the need of analysis of video content
practically ”on-the-fly” in broadcast applications, the tremendous volumes of vi-
sual information in image and video databases make classical methods of structural
pattern recognition inapplicable.

Hence, spatial context has been incorporated in visual indexing approaches by
relating visual signatures to more local areas in image plane, and matching charac-
teristic points for similarity refining, etc. Furthermore, for the sake of scalability, it is
very much seducing to incorporate multi-resolution and multi-scale representation
of visual content in image and video retrieval in order to realise a ”progressive” in-
dexing and retrieval which allows to fasten the search operation. Indeed, to recognise
a visual scene, humans hardly need any fine details available at full resolution, but
successfully fulfil the visual recognition task on under-scaled and degraded versions
of the content. This was the subject of ”Rough indexing” paradigm we developed for
indexing and retrieval of HD video [139]. The incorporation of a multi-resolution
representation not only at the level of images, but also at the level of salient region
extraction (SIFT) or characteristic points, seems also a promising way in visual in-
dexing.

Nevertheless all these approaches comprise the same fundamental step which
consists in detecting features in the raw image domain. With regard to the properties
of visual content to analyse this detection may be unstable. Indeed, image and video
content items are stored in repositories and exchanged via heterogeneous channels
of visual information in a compressed form. They are practically never available
in a raw pixel domain. Yet image and video compression artefacts affect interest
point detectors or other differential features. On the other hand, modern compression
standards such as JPEG2000 [2] already incorporate multi-resolution/multi-scale
representations.

Hence in this chapter we are interested in these two aspects: incorporation of
spatial context in visual content indexing and retrieval and multi-resolution/multi-
scale content description. In section 4.2 we will review methods which incorporate
spatial context into indexing and retrieval of visual content and present our recent
works on the border of BoVW and structural pattern recognition approaches we
call ”GraphWords”. In section 4.3 we are interested in multi-resolution/multi-scale
strategies and, in the follow up of our research under the Rough Indexing paradigm,
propose visual indexing approaches based on the wavelet pyramids of the JPEG2000
standard. The conclusions and perspectives are drawn in section 4.4



4.2 Incorporating spatial context 43

4.2 Incorporating spatial context

The standard Bag-of-Visual-Words approach, presented in chapter 3, represents an
image by a global histogram of visual words distribution. This representation does
not cover one important part of an image or an object: the spatial organization.

In the past few years, several methods have tried to overcome the lack of spatial
information and relations between interest regions in the BoVW framework. For
example, a method for integrating the spatial information was presented in [166],
where after applying a BoVW approach for retrieval the top ranked images where
re-ranked by applying a LO-RANSAC [45] algorithm with affine transformations.
This method can be seen as a post-processing. We will focus in this section on
methods where the spatial organization is fully integrated in the approaches.

We will first report approaches that use local histograms instead of global his-
tograms. Then we review approaches which introduce spatial context during the
matching process. Structural pattern have been widely represented by graphs, we
will show that graph matching is an efficient approach for object recognition but
can hardly be applied to large databases retrieval. Finally we will introduce our re-
search which tries to overcome the ambiguity of the visual words relying on very
local features and the lack of spatial organization in the BoVW framework.

4.2.1 Local histograms of visual words

One popular and successful approach to overcome the lack of spatial information
within the BoVW framework is the Spatial Pyramid Matching Kernel (SPMK) ap-
proach introduced in [126] and referenced in chapter 3 . The method uses the Pyra-
mid Match Kernel [86] in order to compare image signatures according to a visual
vocabulary but applying the pyramid construction to the coordinates of the features
in the image space.

The image plane is successively partitioned into blocks according to the ”levels”
of pyramid. At level l = 0 the only block is the whole image. At all other levels up
to l = L the image is partitioned into 2lx2l blocks. The features are quantized into K
discrete classes according to a visual vocabulary C obtained by traditional clustering
techniques in feature space. Only features of the same class k can be matched. For a
pair of images X and Y to compare, each class k gives two sets of two-dimensional
vectors, Xk and Yk, representing the coordinates of features of class k found in images
X and Y respectively. Let us denote Hl(Xk) the histogram of features of class k in
image X according to the fixed partitioning of the pyramid at level l. Using the
histogram intersection similarity measure I introduced in chapter 3, the SPMK for
features of class k is defined as:

KL(Xk,Yk) =
1
2L I(H0(Xk),H0(Yk))+

L

∑
l=1

1
2L−l+1 I(Hl(Xk),Hl(Yk)) (4.1)



44 4 Spatial and multi-resolution context in visual indexing

The final kernel (4.2) is the sum of the kernels associated to each feature class:

KL(X , Y ) =
K

∑
k=1

KL(Xk, Yk) (4.2)

For L = 0 the approach reduces to a standard BoVW.
Experiments on three publicly available image databases show significant im-

provements using the Spatial Pyramid Matching approach compared to BoVW.
However, since locations are expressed in absolute coordinates, the representation
is unsuitable in the case of spatial displacement of the object of interest unless ex-
haustive search is done using a spatial sub-window.

In [6], Albatal et al. note two important limitations of the BoVW framework as
visual words are much more ambiguous than text words and that in the global his-
togram representation, all information related to topological organization of the re-
gions of interest in the image is lost. They have proposed a method to create groups
of regions in the image to form areas which are spatially larger than the individual
regions and have the same robust visual properties. As shown in [231], grouping
several regions is more discriminative for object classification than individual re-
gions.
Albatal et al. uses a “Single Link” clustering function, with a topological proximity
criterion based on the Euclidean distance between the regions of interest. This cri-
terion defines two regions as close if the Euclidean distance between their centres
is less or equal than the sum of their radii. This type of clustering does not depend
on the starting point and ensure that the created groups are disjoint. Each cluster
corresponds to a set of regions that defines a “visual phrase”.
Each Visual Phrase is then represented as a BoVW with regard to a visual dictio-
nary C. By construction, resulting visual phrases are invariant to scale, rotation, and
translation transformations and to brightness changes.
The approach is evaluated on an automatic annotation task on the VOC2009 collec-
tion. The evaluation shows that using Visual Phrases only yields poorer results than
the baseline (BoVW on the whole images). According to the authors this is mainly
because Visual Phrases account only for the description of the objects while the
baseline approach integrates information about the background as well. A late fu-
sion of recognition score for each image enhances the performance above baseline’s
initial results. This approach builds local BoVWs but does not take into account the
spatial organization for description of the visual phrases.

4.2.2 Context-matching kernels

The previous approaches have defined local histograms by a fixed partitioning or
data adaptive partitioning. However, they still miss description of spatial configura-
tion of features.
A spatial weighting approach was introduced in [140] for object recognition on
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cluttered background. The hypothetical object mask is estimated in test images by
matching quantized features with those in training images. During the matching
affine transformations are applied accordingly to the scale and orientation of feature
points. The final hypothesis segmentation mask is a weighted sum of the trans-
formed masks. The test features are then weighted according to this mask thus giv-
ing lower weights to background features.
In [183] and [182], Sahbi et al. have introduced a kernel which takes into account
both feature similarity “alignment quality” and spatial alignment in a “neighbour-
hood” criteria. Let us denote two sets of interest regions SA =

{
rA

1 , . . . ,r
A
n
}

and
SB =

{
rB

1 , . . . ,r
B
m
}

extracted from two images A and B respectively, where a region
rI

i of image I is defined by its coordinates (xI
i , yI

i ) and a feature f I
i : rI

i = (xI
i , yI

i , f I
i ).

Considering any pair of regions (rI
i ,r

J
j ) of two images I and J, let us denote D

the matrix of dissimilarity in the feature space: DrI
i ,r

J
j
= d(rI

i ,r
J
j ) =

∥∥∥ f I
i − f J

j

∥∥∥
2
. Let

N (rI
i ) be the set of neighbours of rI

i . Let us denote P the proximity matrix defined
according to the neighbourhood criterion:

PrI
i ,r

J
j
=

{
1 if I = JandrJ

j ∈N (rI
i )

0 otherwise
(4.3)

The Context-Dependent Kernel K is the unique solution of the energy function
minimization problem and is the limit of K(t) defined according to the following
equations:

K(t) =
G(K(t−1))∥∥G(K(t−1))

∥∥
1

(4.4)

G(K) = exp(−D
β
+

α
β

PK(t−1)P)

K(0) =
exp(−D

β )∥∥∥exp(−D
β )
∥∥∥

1

Where exp represents the coefficient-wise exponential and ‖M‖1 = ∑i j
∣∣Mi j
∣∣ rep-

resents the L1 matrix norm. The two parameters β and α can be seen respectively
as weights for features distance and spatial consistency propagation. The CDK con-
vergence is fast, in [182] only one iteration was applied. Then the authors use the
kernel values thus obtained for classification with SVM. The CDK was evaluated on
the Olivetti face database, the Smithsonian leaf set, the MNIST digit database and
ImageClef@ICPR set showing significant improvements of equal error rate (ERR)
compared to Context-Free Kernels.
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4.2.3 Graph-matching

At the other end of the spectrum of methods addressing the problem of object recog-
nition, the spatial information has often been incorporated through a graph represen-
tation. The most common idea is to build a graph model of an object, the recognition
process consisting in matching the prototype to a candidate one.

In [177], a pseudo-hierarchical graph matching has been introduced. Using local
interest points, the pseudo-hierarchical aspect relies on progressively incorporating
”smaller” model features (in terms of scale) as the hierarchy increases. The edges of
the graph were defined accordingly to a scale-normalized proximity criterion. The
model graph is matched to a new scene by a relaxation process starting from a graph
model including only points of highest scale and adding smaller model features
during the matching process. In [128], the graph model was defined according to
locally affine-invariant geometric constraint. Each point is represented as an affine
combination of its neighboring points. Defining an objective function taking into
account both feature and geometric matching costs, the matching is solved by linear
programming. These approaches are efficient for object matching, however when
dealing with a large amount of image candidates, the matching process becomes too
costly.

The comparison of graphs can be also expressed under the form of graph ker-
nels [220], that allows to consider graphs as belonging to a RKHS, and apply stan-
dard tools such as SVM classifiers. In particular, random walk kernels are defined by
considering a simultaneous walk on the two graphs to compare, with corresponds to
a random walk on their direct product. Other approach transforms a graph into a set
of paths [204], and apply a minor kernel to the obtained set of simpler features. Such
measures rely on the extraction of meaningful sets of features, or on the exhaustive
evaluation of edge matching possibilities, which scales at least quadratically with
the number of node of the graphs, or requires a very sparse structures, thus limiting
the size of the considered graphs in practice.

Based on the previous discussion, we believe that integrating spatial information
with local interest points into a BoVW can be an elegant approach to overcome
the limitations of both the BoVW framework and object matching in the case of
large scale retrieval. Therefore, we will present a new semi-structural approach for
content description, by a “Bag-of-Graph-Words”, and study its application to object
recognition.

4.2.4 Graph Words

The idea of the method consists in describing image content by a set of “small”
graphs with good properties of invariance and then in fitting these features to a
BoVW approach. Hence the spatial context is taken into account at the feature level.
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Another property we seek is a structural multi-resolution: the graphs will be of in-
creasing size with a nested topology of nodes.

Graph feature construction

Let us consider a graph G = (X ,E) where X is a set of nodes corresponding to
some feature points xk,k=1,.,K , in image plane (we take SURF points) and E =
{ekl}k=1,.,K,l=1,.,K is a set of edges ekl = (xk, xl) connecting these points. We call
such a graph a “graph feature”. We will build these features upon sets of neighbour-
ing feature points in image plane. In order to build such graphs two questions have
to be addressed:

• the choice of a feature point set X ;
• the design of the connectivity edges E.

To define the feature point sets X we first select the “seeds”. Around them, other
feature points will be selected to build each graph feature. Selected seeds have to
form a set of SURF points which are more likely to be detected in various instances
of the same object. SURF points are detected where local maxima of the response
of the approximated Hessian determinant are reached [16]. The points with higher
response correspond to more salient visual structures and are therefore more likely
to be repeatable. Hence, we select them as seeds. Considering a fixed number of
seeds NSeeds, we can define the set of seeds S =

{
s1, . . . , sNSeeds

}
.

Given S, our aim is to add partial structural information of the object while keep-
ing the discriminative power of SURF key points. We will therefore define graphs
over the seeds and their neighboring SURF points. Finding the k spatial nearest
SURF neighbors of each seed si defines the set of neighbors Pi = {p1, . . . , pk}.

Hence the set of nodes XGi for each graph Gi is defined as the seed si and the
neighbours Pi. For the edges we use the Delaunay triangulation [198] of the set
{si}⋃Pi, which is invariant with regard to affine transformations of image plane
preserving angles: translation, rotation and scaling.

The nested layered approach

The choice of the number of nodes in a graph feature obviously depends on various
factors such as image resolution, complexity of visual scene or its sharpness... This
choice is difficult a priori. Instead we propose a hierarchy of “nested” graphs for
the same image, capturing structural information of increasingly higher order and
illustrate it in Figure 4.1. Let us introduce a set of L ”layers”. We say that the graph
Gl

i at layer l and the graph Gl+1
i at layer l +1 are nested if the set of nodes of graph

Gl
i is included in the set of nodes of graph Gl+1

i : Xl
i ⊂ Xl+1

i . Note that, so defined,
the number of graphs at each layer is the same. Furthermore, in the definition (by
construction) of graph features a node can belong to more than one graph of the
same layer. We still consider these graph features as separate graphs.
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Fig. 4.1 The nested approach. Bottom to top: SURF seed depicted as the white node, 3 neighbours
graph where neighbours are in black, 6 neighbours graph and 9 neighbours graph at the top level.

Introducing this layered approach, where each layer adds more structural infor-
mation, we can define graphs of increasing size when moving from one layer to
the next one. Each layer has its own set of neighbours around each seed si and the
Delaunay triangulation is performed on each layer separately. To avoid a large num-
ber of layers, the number of nodes added at each layer should induce a significant
change of structural information. To build a Delaunay triangulation, at least two
points have to be added to a single seed. Adding one more node may yield three
triangles instead of just one, resulting in a more complete local pattern. Therefore,
the number of nodes added from one layer to the upper one is fixed to three. We
define four layers, the bottom one containing only one SURF point, the seed, and
the top one containing a graph built upon the seed and its 9 nearest neighbours.

Graph comparison

In order to integrate these new graph features in a BoVW framework a dissimilarity
measure and a clustering method have to be defined. In this section, we define the
dissimilarity measure. We are dealing with attributed graphs, where nodes can be
compared with respect to their visual appearance. Although it could be possible to
take into account similarities of node features only or the topology of the graph only,
more information can be obtained by combining both for defining a dissimilarity
measure between local graphs. To achieve this we will investigate the use of the
Context Dependent Kernel (CDK), see 4.2.2.

The definition of the CDK relies on two matrices: D which contains the distances
between node features, and T which contains the topology of the graphs being com-
pared. Considering two graphs A and B with respective number of nodes m and n,
let us denote C the union of the two graphs:
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C = A⊕B

with

{
xC

i = xA
i for i ∈ [1..m] = IA

xC
i = xB

i−m for i ∈ [m+1..m+n] = IB
(4.5)

with IA and IB, the sets of indices of each graph nodes.
The feature correspondence square matrix D of size (m+ n)× (m+ n) contains

the “entry-wise” L2-norm of the difference between SURF features:

D = (di j) where di j =
∥∥xC

i − xC
j
∥∥

2 (4.6)

The square topology matrix T (corresponding to the proximity matrix P in 4.2.2) of
size (m+ n)× (m+ n) defines the connectivity between two vertices xC

i and xC
j . In

this work we define a crisp connectivity as we set Ti j to one if an edge connects the
vertices xC

i and xC
j and 0 otherwise. Hence, only sub matrices with both lines and

columns in IA or IB are not entirely null. More precisely, we can define sub matrices
TAA and TBB corresponding to the topology of each graph A and B respectively,
while sub matrices TAB and TBA are entirely null, vertices of graphs A and B are not
connected.

T = (Ti j) where Ti j =

{
1 ifedge(xC

i , xC
j )belongs toAorB

0 otherwise
(4.7)

The CDK denoted K is computed by an iterative process consisting of the propa-
gation of the similarity in the description space according to the topology matrix as
detailed in 4.2.2.

Similarly to the definition of sub matrices in topology matrix T we can define
sub matrices in the kernel matrix K. The sub matrix K(t)

AB represents the strength of
the inter-graph links between graphs A and B once the topology has been taken into
account. We can therefore define a kernel-wise similarity γ between graphs A and
B as:

γ(A,B) = ∑{i∈IA, j∈Ib}K
(t)
i j ∈ [0,1] (4.8)

and induce the dissimilarity as standard kernel distance [188] by evaluating the sum
of self-similarity measures of graphs A and B minus twice the cross-similarity be-
tween graphs:

ρ(A,B) = γ(A,A)+ γ(B,B)−2γ(A,B) ∈ [0,1] (4.9)

This dissimilarity measure will be applied separately on each layer. However,
for the bottom layer, since there is no topology to take into account for isolated
points we will use directly the “entrywise” L2-norm (4.6). This corresponds to an
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approximation of the dissimilarity measure used for graphs features by considering
a graph with a single point.

Visual dictionaries and signatures

The state-of-the-art approach for computing the visual dictionary C of a set of fea-
tures is the use of the K-means clustering algorithm [201] with a large number of
clusters, often several thousands, where the code-word is usually the center of a
cluster. This approach is not suitable for the graph-features because using the K
means clustering algorithm implies iteratively moving the cluster centers with in-
terpolation. Therefore, we use a hierarchical agglomerative (HAG) clustering [190]
which does not require graph-interpolation. The median graph G of each cluster V ,
defined as median = argmin

G∈V
∑m

i=1 ‖vi−G‖, i.e. the graph minimizing the distance to

all the graphs vi of cluster V , represents a code-word.
When targeting object classification on a large database, it can be interesting to

use a two pass clustering approach as proposed in [84], as it enables a gain in terms
of computational cost. Here, the first pass of the HAG clustering will be run on all
the features extracted from training images of one object. The second pass is applied
on the centers of clusters generated by the first pass on all objects of the database.

Finally, the usual representation of an image in a BoVW with the dictionary C
is built. The BoVW are normalized to sum to one by dividing each value by the
number of features extracted from the image. The distance between two images is
defined as the L1 distance between BoVWs (as defined in chapter 3).

Experiments

The approach is evaluated on publicly available data sets in the problem of object
retrieval. The choice of the data sets are guided by the need of annotated objects.
We thus chose two datasets.

The SIVAL (Spatially Independent, Variable Area, and Lighting) data set [173]
includes 25 objects, each of them being present in 60 images taken in 10 various en-
vironment and different poses yielding a total of 1500 images. This data set is quite
challenging as the objects are depicted in various lighting conditions and poses. The
second one is the well known Caltech-101 [67] data set, composed of 101 object cat-
egories. The categories are different types of animals, plants or objects. A snippet
of both data sets is shown in Figure 4.2.

Evaluation protocol

We separate learning and testing images by a random selection. On each data set,
30 images of each category are selected as learning images for building the visual
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(a) Dirty-
WorkGloves

(b) Striper-
Notebook

(c) Glazed-
WoodPot

(d)
GoldMedal

(e) DirtyRun-
ningShoe

(f) Mandolin (g) Schooner (h) Canon (i) Airplanes (j) Kangaroo

Fig. 4.2 Excerpts from image data sets. SIVAL (a)-(e), Caltech-101 (f)-(j)

dictionaries and for the retrieval task. Some categories of Caltech-101 have several
hundred of images when others have only a few. The testing images are therefore a
random selection of the remaining images up to 50. The first pass clustering yields
500 clusters from all the features of all learning images of each object. The final
dictionary size varies in the range 50-5000. Details on the experimental setup can
be found in [117]. Each layer of graph-features will yield its own dictionary. We
compare our method with standard BoVW approach. For that purpose, we use all
the SURF features available on all images of the learning database to build the
BoVW dictionary by k-means clustering.

The graph features are built only on a selected subset of all SURF points detected
in an image. To analyse the influence of this selection, signatures are computed for
the set of SURF which have been selected to build the different layers of graphs.
These configurations will be referred to as SURF3NN, SURF6NN and SURF9NN
corresponding respectively to all the points upon which graphs with 3, 6 and 9 near-
est neighbours have been defined.

For each query image and each database image, the signatures are computed for
isolated SURF and the different layers of graphs. We have investigated the com-
bination of isolated SURF and the different layers of graphs by an early fusion of
signatures i.e. concatenating the BoVWs. For SIVAL this concatenation has been
done with the signature from the selected SURF corresponding to the highest level
whereas for Caltech-101 we used the classical BoW SURF signature. Finally, the
L1-distance between histograms is computed to compare two images.

The performance is evaluated by the Mean Average Precision (MAP) measure.
Here, the average precision metric is evaluated for each test image of an object, and
the MAP is the mean of these values for all the images of an object in the test set.
For all categories, we measure the performance by the average value of the MAP of
objects.
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SURF based BoW vs Graphs Words

Fig. 4.3 Average MAP on the whole SIVAL data set. Isolated SURF features are the dotted curves,
single layer Graphs Words are drawn as dashed curves and the multilayer approach in solid curves.

First of all, it is interesting to analyse if the graph words approach obtains similar
performances compared to the classical BoVW approach using only SURF features.
This is depicted in Figure 4.3, Figure 4.5 and 4.6 where isolated SURF points are
depicted as dotted lines and single layer of graph words are dashed lines. At first
glance, we can see that for SIVAL isolated SURF features perform the poorest, sep-
arated layers of graphs perform better. Our clustering approach seems to give worse
results for very small size of dictionaries but better results for dictionaries larger
than 500 visual words, which are the commonly used configurations in BoVW ap-
proaches. Each layer of graph words performs much better than the SURF upon
which they are built. The introduction of the topology in our features have a signifi-
cant impact on the recognition performance using the same set of SURF features.

The average performance hides however differences in the performance on some
specific objects. To illustrate this we select two object categories where graph fea-
tures and SURF features give different performances in Figure 4.5 and Figure 4.6.
For the object “banana” from SIVAL, the isolated SURF features outperform the
graph approach, see Figure 4.5. This can be explained as the “banana” object repre-
sents a small part of the bounding box and is poorly textured. In some environments
the background is highly textured, this characteristics induce many SURF points de-
tected in it and these SURF points may have a higher response than those detected
on the object. This will lead to the construction of many “noisy” graph features on
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Fig. 4.4 Average MAP on the whole Caltech-101 data set. Isolated SURF features are the dotted
curves, single layer Graphs Words are drawn as dashed curves and the multilayer approach in solid
curves.

the background and less on the object. On the other hand, for the “Faces” category
from Caltech-101 the graph features perform better, see Figure 4.6. Here, the object
covers most of the bounding box and many SURF points are detected. In this situa-
tion, the graph features capture a larger part of the object than isolated SURF points,
making them more discriminative.

This unequal discriminative power of each layer leads naturally to the use of the
combination of the different layers in a single visual signature.

The multilayer approach

The combination of graphs and SURF features upon which the graphs have been
built is done by the concatenation of the signatures of each layer. The three curves
in solid lines in Figure 4.3 correspond to the multilayer approach using only the two
bottom layers (SURF + 3 nearest neighbours graphs) depicted with double ”hori-
zontal” triangles, the three bottom layers (SURF + 3 nearest neighbours graphs +
6 nearest neighbours) depicted with double ”vertical” triangles and all the layers
depicted by a simple poly-line. For SIVAL, the improvement in the average MAP is
clear, and each addition of layer improves the results. The average performance of
the combination always outperforms the performance of each layer taken separately.

For Caltech-101, see Figure 4.4, the average MAP values of all methods are much
lower which is not surprising as there are much more categories and images. Single
layer of graphs gives lower results than the classical BoVW framework on SURF
features. However, the combination of all layers outperforms here again SURF or
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Fig. 4.5 MAP for the object “banana” from SIVAL where isolated SURF features (dotted curves)
outperforms graphs (dashed curves). The multilayer approach is the solid curve.

Fig. 4.6 MAP for category “Faces” from Caltech-101 where graphs (dashed curves) outperforms
isolated SURF features (dotted curves). The multilayer approach is the solid curves.
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graphs used separately. The performance of single layers of graphs can be explained
as the fixed number (300) of seeds selection induces for Caltech-101 a strong over-
lapping of graphs as the average number of SURF points within the bounding box
is much lower than for SIVAL. This may give less discriminant graph words as it
will be harder to determine separable clusters in the clustering process.

The detailed results presented in Figure 4.5 and Figure 4.6 show that the com-
bination, depicted as a solid line, of the visual signatures computed on each layer
separately performs better or at least as well as the best isolated feature.

4.3 Multi-resolution in visual indexing

The images available today on the web are rarely in their raw form as it would re-
quire a too huge amount of space to store them. Before being processed, the encoded
data is generally decoded. Instead of decoding it completely, some approaches in-
tend to take advantage of the data available in the compressed stream with only
partial decoding, thus working in the rough indexing paradigm [139]. Modern stan-
dards of visual coding are ”scalable”, which means that in the same code-stream
multi-resolution versions of the same content are available. This gives a tremendous
opportunity to follow multi-resolution strategy in visual indexing directly using the
new low-level features available in code streams. The advantage is obvious. On one
hand, the signal will not be deteriorated by double resolution reduction (one when
encoding and one when building multi-resolution pyramids on decoded images and
videos). On the other hand, computational time savings will be achieved. JPEG2000
standard for images and MJPEG2000 standard for videos have this seducing prop-
erty of scalability. In this section, we aim at performing image indexing on images
encoded in JPEG2000. Following the line of research on rough indexing paradigm,
we propose to make use of the multi-resolution information from the wavelet basis
and study different techniques to perform indexing in this context.

4.3.1 Low resolution and Rough Indexing Paradigm

When aiming at multi-resolution indexing of visual content, the natural step is to
get robust results on the lowest available resolution. The rough indexing paradigm
has been introduced in [139] for foreground object extraction purposes. It enables
a fast and approximate analysis of multimedia content at a poor resolution. Indeed,
it takes advantages of the content directly available in the compressed streams (e.g.
DC coefficients, motion vectors from video streams, region-based colour segmenta-
tion...). It has been used for different applications in the recent years: shot boundary
detection [155], object retrieval [43, 44] or video indexing [149]. More specifically,
in [149], the HD video is only partially decoded to perform video indexing after
detecting moving objects. A similar methodology is presented in [20]. These meth-
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ods are all designed for content having the property of scalable representation. In
the same line of research, Adami et al. studied a scalable joint data and descriptor
encoding of image collections [3]. This work has been extended to videos in [4].

Other works that can be seen as closely related to the rough data processing are
those focusing on the analysis of tiny images. Namely, Torralba et al. [208] propose
a framework that allows performing object recognition in a huge database (tens
of millions images). To that end, they directly process low-resolution 32×32 color
images. This low resolution could correspond to the coarsest level of coded images.

In this chapter, we only focus on image indexing and do not address the video in-
dexing problem. The rough data then only consists of partially decoded colour/intensity
information.

4.3.2 Multi-resolution and multiscale in image indexing

For raw data the multi-resolution comes from the construction of image pyramids
(Gaussian pyramids for instance), whereas for encoded data (such as JPEG2000
images) it is directly available from the wavelet decomposition. As always, these
techniques rely on the computation of local or global descriptors on the resulting
multi-resolution multi-scale pyramids.

Global descriptors are generally based on computation of histograms. The use of
multi-resolution histograms for recognition was first proposed in [90]. The multi-
resolution decomposition is computed with Gaussian filtering. A filtered image I ∗
G(l) is the result of the convolution of the image I with the Gaussian filter:

G(l) = 1
2πlσ2 exp

(
−x2 + y2

2lσ2

)
,

where σ is the standard deviation of the filter and l is the resolution.
An example of the use of histograms in the rough indexing paradigm can be

found in [149]. This paper addresses the problem of scalable indexing of HD videos
encoded in the MJPEG2000 standard. After detecting moving objects, their indexing
is performed. A global descriptor is built for the object. It consists of a pair of two
histograms:

H = {hk
LL,h

k
HF ,k = 1 . . .K},

where K is the number of levels in pyramid defined in JPEG2000. The first his-
togram hLL is the YUV joint histogram of LL coefficients. The second one, hHF , is
computed from the High Frequency (i.e. HL, LH and HH) sub-band. Each sub-band
represents a different orientation: HL horizontal, LH vertical and HH diagonal. The
histogram hHF is finally the histogram of mean absolute values of coefficients LH,
HL and HH. Hence the invariance to rotation to multiple of 45◦ is obtained.

Amongst few multi-resolution approaches existing today, the most known is the
so-called spatial pyramid matching (SPM) [126], also referenced in chapter 3.
BoVW are built on nested partitions of image plane from coarse-to-fine. Neverthe-
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less, this approach cannot be qualified as a truly ”multi-resolution”, as the features
and level image descriptors (sparse SIFT) are built only on the full resolution image.
The adaptation of SPM to Gaussian scale space has been proposed in [193]. Spatial
pyramids are computed at different scales which allow combining different levels of
details.

In our approach, on the contrary, we aim to incorporate multi-scale representation
of image content in the whole feature extraction, quantization and matching process.

4.3.3 Multi-resolution features and visual dictionaries

Based on the rationale we expressed before we present and analyze some approaches
for indexing images encoded in JPEG2000 using its ”natural” multi-scale represen-
tation of visual content. From the Daubechies pyramid, we only use the LL sub-band
at all decomposition levels. All the methods described could also directly be used
on uncompressed data by computing a multi-resolution pyramid by standard Gaus-
sian filtering and sub-sampling. Here, we focus only on methods inspired from the
BoVW and the SPM approaches.

Multi-resolution approach on wavelet pyramids

From the colour Daubechies 9/7 pyramid as defined in JPEG2000, we extract only
the Y component of the LL sub-band at K = 3 levels of the pyramid. In the follow-
ing, we denote the different levels of pyramid by k, k = 1 . . .K.

Our approach follows the BoVW scheme with

• level features which are SURF points and descriptors extracted at each level Y k
LL

in the wavelet pyramid. We denote a set of features at level k by Dk.
• visual dictionaries we build per level, denoted by Ck, and for all levels together

denoted by C. The number of visual words varies from 50 to 5000. Every visual
dictionary we refer to is constructed by applying the k-means++ algorithm [8] on
the training set (see section 4.3 for more details on training sets).

• image signature which is a histogram of visual words from Ck, denoted by Hk,
and built for Y k

LL or a histogram H built for all levels together Y k
LL, k = 1 . . .K with

the global dictionary C.

Hence, the descriptor of an image is the histogram of visual words from appropriate
dictionary. To compare the images at different resolution levels in wavelet domain,
we use the histogram intersection kernel as a similarity measure. For the BoVWs of
two images at level k, this function is given by:

I(Hk
1 ,H

k
2 ) =

N

∑
i=1

min(Hk
1(i),H

k
2(i)). (4.10)
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N being the number of visual words (vocabulary size).
The proposed description schemes are used for image retrieval and classification.

For the simple retrieval scenario, images are ranked according to histogram intersec-
tion similarity (4.10) with regard to a query image. The mean average precision is
then computed to evaluate the methods. Classification of images is performed with
a supervised learning framework with multi-class support vector machine (SVM)
using the libSVM library [36] and a one versus all rule. For each scheme, a kernel
inspired by the pyramid match kernel [86] is provided to the SVM.

As in previous section, all the results presented here are on the two datasets:
Caltech-101 and SIVAL. The SURF features are only extracted in a bounding box
around the object of interest. The coordinates of the bounding box can be down-
loaded together with the set of images. The mean average precisions and classifica-
tion rates on both datasets and for all the methods we present here are presented in
Table 4.1, 4.3 and 4.2, 4.4 respectively.

Merging the information at different resolutions

The direct application of BoVW in the context of the rough indexing paradigm
consists in applying the BoVW method at the coarsest level (k = K) of the wavelet
pyramid. Nevertheless the image of low frequency coefficients at this level, Y K

LL, is
obviously very blurry and does not contain many interest points. Many important
details are lost. The induced visual dictionary CK and the corresponding signatures
HK are therefore not enough informative. We have tested the application of BoVW
at each level independently. The results are visible in the second, third and fourth
columns of the four tables at the end of this section. At the finest scale (k = 1)
it corresponds to applying the BoVW method to the original full-resolution gray-
scale image. The classification rates in Table 4.2 and 4.4 come from the following
kernel:

κk
BoVW (X ,Y ) = I(Hk

X ,H
k
Y ). (4.11)

These results permit to confirm that working at the finest scale is more efficient
than working at coarsest scales. In particular the number of relevant documents
retrieved significantly decreases when using only the information at level k = 3.
When looking more into details at the precision values, we observed that for some
images, processing the coarsest level could improve the results. For instance, for the
class inline skate of Caltech 101 the map is 0.09 at level k = 3 against 0.02 at level
k = 1. Similarly for the class woodrollingpin of SIVAL, the map is 0.19 at level k = 3
against 0.13 at level k = 1. Examples of images for which the same conclusion can
be drawn are presented in Figure 4.7. A natural extension of mono-level approach is
to try to combine information from different levels of a multi-resolution pyramid in
the same way we combine structural graph words in the the ”early fusion” manner.

Our first attempt has then been to concatenate the histograms at different resolu-
tions Hk, k = 1 . . .K into a unique signature, H̃:

H̃ = ∪k=1...KHk.
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inline skate, Caltech-101 woodrollingpin, SIVAL largespoon , SIVAL

Fig. 4.7 Images leading to better results for BoVW at coasest scales. First row: One image from
each class at level k = 1. Second row: level k = 2. Third row: level k = 3.

The dimensionality of this vector is (K.N). The same importance is given to all
the resolutions so that the concatenation is not weighted. As a reference to BoVW
method, we will now refer to this approach as mBoVW (multi-resolution BoVW).
The kernel used for classification is given by:

κmBoVW (X ,Y ) =
K

∑
k=1
I(Hk

X ,H
k
Y ) = I(H̃X , H̃Y ). (4.12)

It is worth mentioning that this kernel is not related to the pyramid match kernel [86].
Indeed, at each multi-resolution level, the dictionary is different. Results of this
method are presented in the sixth column of the different tables. It can be seen that,
even if we can find several classes for which it does improve the results compared
to the BoVW at level k = 1, it globally deteriorates the classification rates and the
mean average precision for both databases.

A comparison to SPM [126] is provided in the fifth column. This method has
been implemented with three scales (spatial resolution), L = 3: 21 histograms, Hl ,
l = 0 . . .∑L−1

l=0 4l are representing each image. The kernel is:

κSPM(X ,Y ) =
N

∑
i=1

(
1
2L I(H0

Xi
,H0

Yi
)+

L−1

∑
l=1

1
2L−l+1 I(Hl

Xi
,Hl

Yi
)

)
. (4.13)

The application of SPM to the two datasets we are studying lead to opposite con-
clusions. While it deteriorates the result on the SIVAL database, compared to the
standard BoVW at level k = 1, an improvement appears on Caltech-101. The main
reason for this is that the different objects of SIVAL have been acquired with the
same background. It means that SPM is not the best choice to differentiate objects
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in the same environment, especially when an object is not in its usual environment
(loss of context).

To be complete we also merged the two previous methods (mBoVW and SPM)
into a common framework called multi-resolution spatial pyramid matching (mSPM).
At each resolution of the wavelet pyramid, a spatial pyramid is built. K histograms
of dimension (N ∑L−1

l=0 4l) are indeed computed for each image (see figure 4.8). Once
again, each resolution is considered independent:

κmSPM(X ,Y ) =
K

∑
k=1

N

∑
i=1

(
1
2L I(H

0,k
Xi

,H0,k
Yi

)+
L−1

∑
l=1

1
2L−l+1 I(H

l,k
Xi
,Hl,k

Yi
)

)
. (4.14)

As mBoVW was degrading the results of BoVW, it is not surprising to observe that
mSPM also deteriorates the results of SPM.
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Fig. 4.8 Illustration of the different multi-resolution methods.

Adding the multi-resolution by early fusion of BoVW histograms from each level
k is not optimal. Therefore, we elaborated a different strategy for merging the infor-
mation at different resolutions. Until now, each level k was assigned one dictionary
Ck. Here we propose to consider one dictionnary C that is common to all levels. It
is computed by using all sets of descriptors {Dk}k=1...K . By taking into account all
the descriptors at all levels together a more complete vocabulary can be obtained.
For each image, the set of all available features is considered: D = ∪k=1...KDk. The
unique dictionary C is then obtained by clustering this unique set. Each image is fi-
nally represented by a unique signature H that incorporates directly the information
from all levels. We call this approach Pyramid Matching with Descriptors (PM-D).



4.3 Multi-resolution in visual indexing 61

The kernel is the same as the one used for the classical BoVW method (equation
(4.11)).

Its extension to spatial pyramid matching (SPM-D) is also shown in the tables.
In this case, the position of the points at coarsest levels are projected to the finest
level before partitioning the space. The results obtained using the combination of the
descriptors with these two last methods (PM-D and SPM-D) are the most promising
ones on both datasets.

N BoVW BoVW BoVW SPM [126] mBoVW mSPM SPM-D PM-D
k=0 k=1 k=2

50 0.326 0.279 0.208 0.088 0.268 0.084 0.087 0.323
100 0.346 0.299 0.218 0.095 0.281 0.091 0.094 0.345
200 0.354 0.31 0.236 0.104 0.3 0.099 0.102 0.355

500 0.364 0.334 0.254 0.12 0.33 0.113 0.118 0.366

1000 0.373 0.36 0.262 0.135 0.35 0.124 0.132 0.37
2000 0.397 0.383 0.28 0.153 0.377 0.137 0.152 0.4

5000 0.439 0.413 0.289 0.192 0.401 0.16 0.199 0.436

Table 4.1 Mean Average Precision for the SIVAL dataset

N BoVW BoVW BoVW SPM [126] mBoVW mSPM SPM-D PM-D
k=0 k=1 k=2

50 81.2 77.33 65.73 56.8 78.53 49.33 56.13 80
100 86.67 85.33 75.07 61.2 82.67 54.27 61.6 89.46

200 91.6 88.4 80.27 63.47 85.47 56.8 65.47 91.07
500 93.07 92 86.67 68.8 90.53 60 69.73 93.73

1000 94.67 93.47 88.67 71.2 90.8 61.07 72.4 96

2000 95.73 94.67 91.47 73.87 91.2 60.53 74 96

5000 96.67 95.07 94.27 74.4 93.33 57.73 75.47 97.33

Table 4.2 Classification rates (%) for the SIVAL dataset

N BoVW BoVW BoVW SPM [126] mBoVW mSPM SPM-D PM-D
k=0 k=1 k=2

50 0.057 0.041 0.024 0.077 0.038 0.076 0.08 0.059
100 0.064 0.047 0.025 0.082 0.043 0.081 0.086 0.065
200 0.068 0.05 0.025 0.086 0.045 0.085 0.09 0.07
500 0.073 0.052 0.026 0.088 0.048 0.086 0.094 0.076

1000 0.077 0.054 0.026 0.088 0.047 0.084 0.094 0.081
2000 0.055 0.052 0.027 0.086 0.046 0.081 0.094 0.084
5000 0.08 0.052 0.029 0.081 0.045 0.079 0.089 0.086

Table 4.3 Mean Average Precision for the Caltech-101 dataset
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N BoVW BoVW BoVW SPM [126] mBoVW mSPM SPM-D PM-D
k=0 k=1 k=2

50 24.96 21.93 11.04 45.26 20.92 43.09 45.74 24.52
100 28.28 25.16 11.41 45.87 23.5 43.9 47.2 29.78
200 31.17 27.33 11.85 46.76 24.69 44.58 47.5 31.95
500 34.84 28.56 13 45.94 26.49 42.58 47.23 35.38

1000 36.26 28.9 12.66 42.78 26.59 38.34 45.06 37.35
2000 37.52 28.56 12.56 38.91 26.79 30.46 41.09 37.72
5000 37.52 28.59 13.62 27.77 25.29 22.99 31.38 38.61

Table 4.4 Classification rates (%) for the Caltech-101 dataset

4.4 Conclusion

In this chapter we were interested in two aspects in visual indexing: the incorpo-
ration of spatial context and of multi-resolution/multi-scale strategies in the state-
of-the art BoVW approaches. Analysis of the performance of the methods on pub-
licly available databases in both approaches converge to the same conclusions: in-
corporating information from spatial neighbourhood or from the multi-resolution
pyramids into visual content description improves performances. Indeed, in both
cases fusion of information coming from different nested layers of local graphs
or from different layers of content resolution does bring an improvement in terms
of Mean Average Precision (MAP) and classification rates. Obviously the visual
scenes/objects to recognize have to be sufficiently rich in terms of quantity of poten-
tial characteristic points to ensure a statistical soundness of built visual dictionaries.
In the GraphWords approach mixing all BoVWs from singular interest points and
local graphs with increasing number of nodes in one description space shows bet-
ter performances than a ”single layer” BoVWs. In the multi-resolution/multi-scale
approach building only one dictionary for all levels together is better than building
one dictionary per level. In other words, combining the features extracted at differ-
ent levels of resolution gives the most promising results.

These approaches are far from being totally exhausted. In the GraphWords ap-
proach a promising perspective for handling structural deformations of graphs due to
occlusions is in the spatial weighting of node features. In a multi-resolution context,
intelligent weighting schemes are also needed to tune the importance of local salien-
cies at different resolution levels. Another perspective is in the use of colour. Indeed
the descriptors considered, such as the SURF features, reflect only the ”textural”
content in the vicinity of characteristic points. The colour has not been considered
yet. An interesting way to do it in our vision is to make usage of the local support
related to the graphs or to the SURF points themselves. One of the possibilities is in
the use of dense features as done in [126]. Furthermore, a direct way of combining
both spatial context and multi-resolution would be in a definition of a strategy of
combining the layers in graphs with resolution levels in pyramids. Hence the vi-
sual content can be indexed with the degree of detail in structure corresponding to
its spatial resolution. Furthermore, the use of the high frequency coefficients in the
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wavelet pyramid can yield computationnaly interesting alternatives to the state-of-
the-art SURF and SIFT descriptors in the combined global framework.
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Chapter 5

Scalability issues in visual information retrieval

Michel Crucianu

Abstract Information retrieval applications increasingly have to deal with multime-
dia content. Since image and video databases became ever larger, scalability is a
critical requirement for visual information retrieval. This chapter first describes the
types of processes that support either content-based retrieval or mining and have to
scale. The nature of the problems to be solved and the principle of the solutions are
presented next. An emphasis is put on key ideas supporting recent progress, like the
use of approximation or of shared-neighbor similarity. To keep the pace with the
evolution of scalability requirements, due to more complex visual descriptions and
higher volumes of data, further advances are needed. Embeddings, filtering based
on simplified descriptions, optimization of content representations and distributed
processing are a few directions that deserve being followed.

5.1 Introduction

Visual information retrieval from collections of images or videos is important in
many areas, from the social web to video surveillance and from Earth observa-
tion to medical imaging. While the contents of such collections can have various
domain-specific properties, these collections are increasingly sharing a major char-
acteristic, which is their large size. A few examples allow to better illustrate what is
meant here by “large”. The digital archive of the Institut National de l’Audiovisuel
in France holds more than 4× 105 hours of audiovisual content. The number of
videos on YouTube was estimated to more than 140 millions in 2010. The satellite
constellation Pleiades is aimed to provide optical images with a resolution of about
50 cm and to cover up to 106 square kilometers per day. For a subset of existing or
potential applications it may be possible to select, using e.g. structured metadata, a
small share of a collection to subsequently perform visual information retrieval but,
given the size of the entire collection, that share can still represent a high volume of
content. Furthermore, many new applications such as the analysis of climate-related
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trends in an Earth observation image archive are only meaningful if a broad set of
data is employed.

Consequently, core processes like content-based retrieval and mining must be
able to work with very large volumes of visual content. In this context, a process
is considered to be “scalable” if it can be easily extended to handle a much larger
set of data and its overall consumption of resources increases gracefully with the
size of the database. Applications involving visual information retrieval can hardly
be economically viable if the processes they require are not all scalable. To make
these processes scalable we have to consider various problems, briefly outlined in
Section 5.2.

Scalability of visual information retrieval has been a concern for the last two
decades and principled approaches for solving these problems were put forward, see
Section 5.3. While most of the work focused on scalable retrieval (5.3.1), problems
more directly concerning mining are being increasingly addressed (5.3.2).

The scalability requirements progressively but significantly evolved with the size
of the collections and also with the nature of the data. Indeed, to improve the quality
of retrieval results, more comprehensive and refined descriptions of the visual con-
tent were proposed. This also made the comparison of descriptions more complex,
asking for key extensions to existing methods that support scalability (5.4.1). To fur-
ther improve scalability, an important direction is the joint optimization of content
description and indexing (5.4.2), possibly for each specific database. Last but not
least, using distributed data and resources both brings new opportunities and raises
new challenges for scalable visual information retrieval (5.4.3).

5.2 Scalable Retrieval and Mining: A Typology of Problems

Most of the expensive processes in visual information retrieval concern the compu-
tation of distances, similarities, kernels, etc. between visual descriptions, together
with the transfer of these descriptions from mass storage if they do not all hold into
the main memory. Let us consider some frequent operations and their corresponding
basic time complexity, i.e. when scalability requirements are ignored. Consider D
is the database of visual descriptions employed and N is the cardinality of D.

The “query by example” method allows to retrieve the objects whose descriptions
are similar to the description of a query object. Most frequently employed are the ε-
range queries, where an upper bound ε is provided for the distance and the expected
result is Sε(q) = {x ∈ c|d(x,q) ≤ ε}, together with the k nearest neighbors (kNN)
queries, where an upper bound k is provided for the number of nearest neighbors
to be returned and the result should be Kk(q) = {x ∈ D||Kk(q)| = k∧∀y ∈ D−
Kk(q),d(y,q) ≥ d(x,q)}. The basic time complexity of these retrieval operations
is O(N), corresponding to the case where all the descriptions in the database are
compared to the description of the query (exhaustive or “sequential” search).

To take a decision regarding an object on the basis of its k nearest neighbors re-
quires the identification of these neighbors. To estimate a probability density func-
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tion in some point with Parzen windows we need to compute kernels between that
point and the descriptions in the database. The basic time complexity of these opera-
tions is also O(N) (if computing a kernel is O(1)). To evaluate the decision function
for an object with a kernel machine requires the computation of kernels between the
description of the object and other specific descriptions (e.g. the support vectors),
which has a basic time complexity of O(n) where n is the number of these other
descriptions.

In some semi-supervised learning methods like SVM-based transduction, it may
be necessary to find the unlabeled data that is closest to the discrimination boundary.
In active learning, one well known criterion for the selection of data for labeling
is ambiguousness, also requiring to return the unlabeled data that is closest to the
current discrimination boundary. In both cases the basic time complexity is O(N).
Note however that the query is a boundary, so it has a different nature than the
objects in the database.

To find in a database all the variants of a same content (with slight changes)
requires a similarity self-join Jθ = {(x,y) |x,y ∈D,d(x,y)≤ θ}. In a metric space,
finding clusters in the data relies on the computation of pairwise distances between
data points. Both operations typically have a basic time complexity of O(N2). Also,
to perform supervised learning with a kernel machine we need to compute kernels
between all the pairs of labeled data objects, which has a complexity of O(n2) where
n is the size of the training dataset.

To summarize, we can distinguish two broad process families: (i) retrieval of
the objects that are similar to a query having the same or a different nature than
the objects in the database, and (ii) all-pairs comparisons. Even though basic time
complexity is only linear in N for processes from the first family, this is still too
expensive for large databases. Fortunately, for such processes it is usually possible
to make the overall consumption of resources increase sublinearly with the size of
the database. Similar methods also allow to reduce the time complexity of processes
from the second family. The ideas underlying such complexity reductions are out-
lined next.

5.3 Principled Approaches to Scalability

The retrieval of the data that is most similar to a query (ε-range or kNN) should not
be concerned with data objects that are “too far” from the query. Also, since kernels
are significantly different from zero only for neighboring data, computing kernels
for data objects that are “too far” from each other is likely to be useless. If the major
part of the database is “too far” to be relevant for the current query or kernel eval-
uation, then we can significantly reduce computation costs by filtering out as early
as possible large distant segments of data. This is the key idea supporting scalability
in this domain. To put this idea into practice, many data structures and correspond-
ing access methods were designed, aiming to reduce the order of complexity of the
retrieval or mining process.
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Starting from the well known B+ tree or from hashing, originally employed for
unidimensional attributes un relational databases, various methods were put forward
for spatial databases and then for multimedia databases; the research monograph
[185] provides a comprehensive view. While the key idea is simple, the nature of
visual descriptions and of the associated distances, similarity measures or kernels
raises serious difficulties in finding how to filter out efficiently large distant seg-
ments of data. First, descriptions of visual content are often high-dimensional vec-
tors. The curse of dimensionality is the generic name given to a set of phenomena
that occur for high-dimensional data and hinder access methods; they will be fur-
ther described in subsection 5.3.1. In the extreme case where data follows a uniform
or unimodal distribution in an area of a high-dimensional space, kNN retrieval be-
comes meaningless because the kNN of a query are not significantly closer to the
query than the rest of the data (see [21]).

Second, many descriptions of visual content are not individual vectors but more
complex objects like sets of vectors (sometimes with associated configuration in-
formation) or plane graphs. While it is usually possible to define distances or ker-
nels between such descriptions, simple vector representations are not appropriate for
them, so access methods defined for vector spaces cannot be applied. Moreover, the
computation of these distances or kernels is complex. Recent proposals addressing
these problems are outlined in subsection 5.4.1.

An important component of the cost of a retrieval or mining process corresponds
to the transfer of visual descriptions from mass storage if they do not all hold into
the main memory. Given the fact that random access to data in main memory is on
average 105 times faster than random access on disks and 2 · 104 times faster than
random access on SDD, the cost of access to mass storage is usually dominating
distance or kernel computations. We may be able to avoid accesses to mass storage
by distributing a large database together with distance or kernel computations on a
set of computers such that all the data holds in the distributed main memory (see
5.4.3). It is also important to note that sequential access to data on disk or SSD has
a similar cost to random access to main memory, as this has a non-negligible impact
on the design and evaluation of access methods.

5.3.1 Scalable Retrieval

For the retrieval of the objects that are similar to a query, the goal is to reduce
complexity from O(N) to O(logN) or even O(1) by filtering out as early as possible
large distant segments of data. We will focus here on the main approaches that were
successfully employed for visual content in the recent years. They can be applied to
“query by example” retrieval, but also to kNN-based decision making, to probability
density function estimation with Parzen windows or to the evaluation of decision
functions for kernel machines.

The first popular approach for dealing with ε-range queries consists in (i) build-
ing off-line a search tree based on a hierarchical partitioning of the data or of the
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description space, then (ii) performing retrieval online by recursively following the
tree structure and pruning branches that do not intersect the query. Since the height
of the tree is O(logN), if all branches but one are pruned starting from the root then
complexity can be reduced from O(N) to O(logN). When mass storage is needed
and considering that each node of the tree holds on a memory page (unit of transfer
from mass storage to main memory), then the number of disk reads shows a similar
reduction in complexity compared to exhaustive search. In practice, depending on
characteristics of the database and of the specific data structure employed, several
branches may have to be explored in the traversed nodes, so actual complexity is
higher than the lower bound O(logN). To retrieve the kNN of a query it is possible
to rely on the ε-range algorithm in the following way: a set of k neighbors is initial-
ized to a random selection of data objects, then the distance of the farthest of these
objects to the query is taken as ε and an ε-range retrieval is started; every time an
object is found that has a distance to the query μ smaller than the current value of ε ,
it replaces the farthest neighbor in the current list of k neighbors and the new value
of ε is reduced to μ before pursuing ε-range retrieval.

Many data structures follow this first approach. Most of them require vectorial
data, but some only need a metric space (e.g. the M-tree [48] and its evolutions).
They either perform space partitioning (e.g. the k-d-B-tree [178]) or data partition-
ing (e.g. the SR-tree [118], M-tree [48] or cover tree [22]). Space partitioning al-
lows to avoid overlap between partitions at the same level of the hierarchy and can
be interesting when the data fills well a regular area in the description space. Data
partitioning is preferable when the distribution of data is very irregular but, since the
partitions need to have a simple shape in order to support pruning, partitions at the
same level of the hierarchy can overlap. Data objects that fall in such overlapping
areas between partitions are typically stored in only one partition to save space, but
if the query range intersects such an area then all the partitions containing this area
have to be explored.

Most of the methods following the first approach are designed to perform exact
retrieval. However, it is also possible to provide approximate results to a query.
For example, if Kk(q) is the set of true k nearest neighbors of a query q and
rk = maxx∈Kk(q) d(x,q), then an approximation to the set of kNN of q can be de-
fined asKk,β (q) = {x∈D||Kk,β (q)|= k∧∀x∈Kk,β (q),d(x,q)≤ (1+β )rk}, where
β > 0 controls the approximation. In many application contexts, especially when
there is a semantic gap between image description and user intention, visual infor-
mation retrieval can accept approximate retrieval results. Many methods designed to
perform exact retrieval can be modified to provide instead approximate results and
this usually allows to reduce retrieval costs. As an example, for approximate kNN
retrieval defined as above, more branches of a tree can be pruned during search since
an improvement of the set of NN that reduces the range below the current ε but not
below ε

1+β is useless.
Hashing is extensively employed in relational databases because it allows to re-

duce complexity from O(N) to O(1) for exact matches, but classical hash functions
were inappropriate for retrieval by similarity since similar (but not identical) data
objects usually had different hash keys. Locality-sensitive hashing (LSH) was intro-
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duced in [80] as a scalable similarity-based approximate retrieval method, with a
time complexity shown to be sublinear in the size of the database and linear in the
dimension of data. After various extensions, hashing became the most successfully
employed approach to visual content retrieval. Let X be the domain to which the
data in the database D belongs, Q a set of keys and dH : X ×X → R

+ a metric
on X . Then H = h : X →Q is a family of (r1,r2, p1, p2)-sensitive hash functions
[80] if ∀x,y ∈ X , if d(x,y) ≤ r1 then Ph∈H(h(x) = h(y)) ≥ p1 and if d(x,y) > r2
then Ph∈H(h(x) = h(y)) ≤ p2 (useful when r2 > r1 > 0 and p1 > p2 > 0). With a
locality-sensitive hash function, similar objects are likely to have a same hash key
while dissimilar objects are likely to have different hash keys. LSH families were
put forward for many metrics, including Lp or Hamming, and various similarity
measures, like cosine similarity or set similarity.

An LSH family H can be employed for retrieval by similarity in the following
way: (i) several ordered subsets of functions inH are selected; every subset has the
same number of functions and defines a hash table; (ii) every object in D is hashed
with the functions in each subset and the object reference is stored, in each table,
in the case (or bucket) corresponding to the resulting key for that table; a key is the
concatenation of the hash keys provided by the functions in the ordered subset of
that table; (iii) when a query object q is given, it is also hashed with the functions
in each subset and all the objects in the buckets associated to the resulting keys are
returned. This filtering stage can be followed by the computation of the distance to
the query for each of the returned objects. Since with a single hash table two similar
data objects don’t necessarily have a same key, to obtain a high recall we have to
employ a very large number of independent hash tables, which has a negative im-
pact on the scalability of retrieval. An important reduction in the number of hash
tables required can be obtained by defining neighborhoods for the keys (based on
the neighborhoods of their data domains) and also probing, for each query, the keys
that are neighbors with the key of the query (multi-probe LSH [135]. The num-
ber of neighbors to be probed can be significantly reduced by exploiting estimated
a posteriori probabilities of finding relevant data in these neighbors (a posteriori
multi-probe LSH [111]). Further improvements rely on making the selection of hash
functions data-dependent, see subsection 5.4.2.

A major issue in using data structures and associated access methods to im-
prove the scalability of retrieval by similarity is the curse of dimensionality. Among
the various phenomena that characterize high-dimensional data, we only mention a
few that have a negative impact on data structures and associated access methods.
First, for space partitioning methods, when the dimension d of the data increases,
the number of partitions increases exponentially, which strongly reduces the effi-
ciency of retrieval. Second, data in some region of space gets closer to the external
boundary of that region: the probability of being at less than δ from the boundary is
1−(1−2δ )d . Third, as shown in [21], if the data follows a uniform or unimodal dis-
tribution in an area of space, when data dimension increases the difference between
the smallest distance between data objects and the largest distance decreases. For
data partitioning methods, these two phenomena lead to an increase in the overlap
between same level partitions and, also, to an increase of the number of partitions
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that intersect the range of a query. The consequence is again a reduction of the re-
trieval efficiency. If neighboring data objects are not much closer than the rest of the
data objects, it is more difficult to filter out large distant segments of data. At some
point, the access method becomes less efficient than exhaustive search. Depending
on the method, this can happen for d between about 8 and 20. If the dimension
increases much more, the variance of the distance distribution vanishes and look-
ing for the kNN of a query becomes meaningless [21]. Real data typically has a
multi-modal distribution, so the reduction in retrieval efficiency occurs for higher
dimensions, but is nevertheless present. It is important to note that the dimension
that matters is not the one of the vector space in which the data objects are rep-
resented but rather the intrinsic dimension of the available data. Indeed, if the data
represented in a high-dimensional space actually spans a low-dimensional manifold,
data distribution will correspond to the dimension of the manifold rather than to the
dimension of the entire space.

The fact that data is not defined in a vector space (so we cannot speak of data
dimension) but belongs to a metric space does not remove difficulties: if the variance
of the distance distribution is small compared to the average, then a metric data
partitioning method like the M-tree also becomes inefficient.

Approximation can improve scalability in the difficult cases when the distance
distribution has a small variance but kNN retrieval is still meaningful. This was
experimentally shown for various data structures and associated access methods,
like approximate kNN retrieval with the M-tree [47]. To explain this finding we
note that the pruning condition is stricter, so more branches are pruned earlier, and
that the retrieval algorithm can safely stop when a lower bound is reached for the
similarity to a query. The lower bound is large for high-dimensional data since the
variance of the distance distribution decreases while the average distance increases
with data dimension d. The importance of approximation was also demonstrated
with the introduction of LSH, for which the time complexity is provably sublinear in
N and linear in d. Interesting scalability results were also obtained by using shared-
neighbor similarity measures instead of global similarity for high-dimensional data
[100].

5.3.2 Scalable Mining

Data mining is increasingly employed in support of visual information retrieval.
Supervised, active and semi-supervised learning allow to build concept detectors,
sometimes interactively defined by user feedback. Similarity joins and cluster anal-
ysis make possible the development of intermediate-level descriptions that are closer
than low level features to the semantics of user queries. The scalability of the ex-
pensive processes involved in mining is being more directly addressed.

In active learning, data ambiguousness is a popular criterion for the selection of
data for labeling; ambiguous unlabeled data is close to the current discrimination
boundary. In SVM-based transduction (semi-supervised learning), in order to take
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unlabeled data into account when maximizing the margin, it is necessary to find
which unlabeled data objects are close to the current discrimination boundary and
can thus have an impact on the margin. The problem to solve is to efficiently find the
k data objects nearest to the boundary or all the data objects within a range around
the boundary.

The use of a boundary as query is both conceptually and computationally more
difficult than the use of an object as query (point query). Since the boundary has a
complex shape in the description space it is not possible to directly compute a dis-
tance between a data object and the boundary. It was nevertheless suggested in [161]
to use a data structure in the description space and return data in the neighborhood
of either positive or negative examples; this is only a first stage of filtering, followed
by the computation of the decision function for all the resulting data. The boundary
is thus progressively approached by neighborhoods of existing examples.

Some methods take advantage of the fact that for kernel machines like SVM the
boundary is a hyperplane in the feature space generated by the kernel. In [162] the
selection stage for active learning with SVM relies on the use of clustering in feature
space and on the selection of the clusters that are nearest to the hyperplane corre-
sponding to the discrimination boundary. A new data structure, KDX, is also intro-
duced: since for most of the kernels employed one has K(x,x) = α for some fixed
α , the feature space representations of all the data objects are on a hypersphere of
radius α . These representations are then distributed in rings around a central vector,
and these rings are indexed according to the angle to the central vector. A second-
level data structure is used within each ring. For any query, KDX performs intra
and inter-ring pruning. Another method aimed to support scalability for boundary
queries was suggested in [52]: an M-tree is built in the feature space and M-tree
access methods (including approximate kNN retrieval) are extended to “hyperplane
queries” that aim to find the k nearest neighbors of a hyperplane. The fact that the
feature space is high-dimensional (potentially infinite dimensional, depending on
the kernel) is not necessarily a problem, since the images in feature space of the
data objects may span a low dimensional manifold. But a hyperplane is much less
selective than a point query and this significantly reduces the efficiency of the access
method.

Active learning is often employed for retrieval with relevance feedback (RF).
This is an interactive and iterative retrieval method that consists in asking the user
to provide feedback, at each iteration, regarding the relevance of the results returned
by the system, and in using this feedback to improve the estimation of the retrieval
target by the system. First introduced for text documents, RF rapidly developed for
image retrieval, mainly because a user can quickly evaluate the relevance of an im-
age. For a retrieval session with RF, the target class of data usually represents a very
small share of the database (which is not the case for active learning in general), so
the decision boundary is not far from the positive examples. It follows that the most
ambiguous data objects are likely to be found among the kNN of already labeled
positive examples. This idea is successfully developed in [81] with LSH-based ap-
proximate kNN retrieval.
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Supervised learning with a kernel machine requires the computation of kernels
between all the pairs of training data objects. However, most kernels are signifi-
cantly different from zero only for neighboring data, so it is useless to compute
kernels for data objects that are too distant from each other. To cluster data that
is not defined in a vector space but belongs to a metric space, existing meth-
ods rely on the computation of pairwise distances between data points. Comput-
ing the distance between data points that are too far from each other to belong
to a same cluster is a waste of time. To find what data objects in one database
D1 are similar to data objects in another database D2 requires a similarity join
Jθ (D1,D2) = {(x,y)|x ∈ D1,y ∈ D2,d(x,y) ≤ θ}. Similarity joins can also be de-
fined using the kNN rather than a distance threshold. If D1 = D2 then we have a
similarity self-join. With an appropriate similarity threshold, similarity self-joins
can also be employed as a first selection stage for kernel computations in supervised
learning and for data clustering.

The basic time complexity of a similarity self-join is O(N2) (when a comparison
is performed for every pair of data objects) and the goal is to reduce this complexity
to O(N logN) or less. It is important to note that the overall complexity of similarity
self-joins is necessarily higher than the size of the result Jθ (D1,D2). So, if most
of the data points are closer to each other than the threshold θ , or if all distances
between data points are comparable and do not allow to define a meaningful value
for θ , then no reduction in complexity can be expected. This last situation occurs
when the variance of the distance distribution vanishes, e.g. for data having a very
high intrinsic dimension.

A first general approach for performing scalable similarity joins consists in the
direct application of scalable retrieval solutions: every object in the database is used
as a θ -range query and a scalable retrieval method is employed to find the data in
that range. If the complexity of retrieval is O(logN), then this generic method allows
to perform similarity joins in O(N logN) time. Neighbors of different data objects
are being searched for independently; it is possible to do better by taking similarity
correlations into account.

The method suggested in [176] consists in (i) building a search tree based on a
hierarchical partitioning of the data, then (ii) performing a hierarchical comparison
of the tree nodes. If two nodes are found to be too far from each other, then no
comparison is needed between their descendants. The best-case time complexity of
stage (ii) is O(N). Even though stage (i) has a complexity of O(N logN), it only
needs to be carried out once, then stage (ii) can be performed every time a join with
a different threshold is required.

Several methods rely on the fact that a data object can be described as a set of to-
kens and these tokens can be globally ordered according to a natural criterion. If the
similarity between two documents is above a threshold, then their prefixes (ordered
strings of tokens) should share tokens, so inverted lists of tokens can be employed
for the join. Several methods for exact similarity joins rely on prefix filtering and
add complementary criteria. The PPJoin+ method in [226] adds a positional filtering
criterion based on a relation between the position of common tokens and an upper
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bound on the similarity. This method was successfully employed for near duplicate
detection in large databases of text documents.

A different approach, performing approximate similarity self-joins, was put for-
ward in [171] and applied to finding the variants of video segments in a database. It
is based on dividing the entire database into segments such that, in each segment, the
similarity between any two data objects is above a threshold, and then performing
the similarity self-join independently for every segment. In a large database the data
objects are scattered rather than grouped into compact and well separated clusters,
so different segments must overlap in order to guarantee a recall of 1 (i.e. all the sim-
ilar pairs are found). Redundancy is controlled in order to obtain a good trade-off
between effectiveness (high recall) and efficiency (low computation cost).

5.3.3 How to Evaluate Scalability

The methods performing exact retrieval by similarity (or exact similarity joins), if
correctly implemented, return the same results as exhaustive search (respectively
as joins based on exhaustive comparisons). Only their efficiency has to be eval-
uated. For the methods returning approximate results, the quality of these results
with respect to those obtained by exact methods (the effectiveness) should also be
measured.

Efficiency is characterized by comparison with at least exhaustive search (or ex-
haustive joins) and, if possible, with other reference methods. While lower and up-
per bounds on the complexity are in many cases available, these bounds do not allow
to obtain reliable estimates of the efficiency on real databases with specific data dis-
tributions. Experimental comparisons are then needed. It is important to perform the
evaluations for several databases of increasing size in order to obtain an experimen-
tal estimate of the complexity and not only measure the cost at fixed size.

In measuring the efficiency of retrieval, a distinction must be made between the
response time for individual queries and the cost per query when a large batch of
queries is processed. For applications requiring interactivity the response time is the
major concern, while the other applications are rather interested by a minimum cost
per query. Batch processing can be optimized by organizing the queries so as to
minimize the impact of data exchanges between main memory and mass storage.

For approximate methods, theoretical bounds on effectiveness are more difficult
to obtained. The returned results should be experimentally compared to those of an
exact method. This can be done for the results returned by ε-range queries, kNN
queries or similarity joins, using precision and recall, the ground truth being defined
by the exact method. For example, the true kNN of a specific query are found by
an exact method (at worst, by exhaustive search), then the set of approximate kNN
returned by the method to evaluate is compared to this set of true kNN. When the
number of objects returned is the same as the number of objects in the “class”, i.e.
k, precision and recall both correspond to the ratio between the number of true kNN
found by the approximate method and k. Another measure of effectiveness is the ra-
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tio between the sum of distances to the approximate kNN and the sum of distances
to the true kNN. Recall is stricter than this measure: even if the approximate kNN
are almost as close to the query as the true kNN, if there is little overlap between
the two sets then recall is low. Since the cost of finding the true kNN for very many
queries (or for all the data objects in the database, considered as queries) can be very
high, especially if exhaustive search has to be employed, a representative sample of
queries can be used and provides a partial ground truth. For the evaluation of simi-
larity joins, the partial ground truth used to estimate performances can be obtained
by selecting a sample of subsets of data objects and limiting the exhaustive join to
the data in these subsets.

To be representative for the later use of the methods under evaluation, experi-
ments should be performed on real databases having the same general character-
istics and same order of magnitude as those on which the methods are expected
to be employed. Indeed, significant differences exist between the distributions of
data descriptions of different types or obtained on very different databases; these
differences can have a strong impact on the efficiency and effectiveness of access
methods. Also, the storage hierarchy can behave differently for data structures of
very different sizes. Setting up large databases of images or video is facing im-
portant difficulties, like rights protection issues, which explains why past evalua-
tion campaigns did not explicitly address scalability. We can nevertheless mention
an increase in the volumes of video employed in the high level concept detection
task of TREC Video Retrieval Evaluation (TRECVID, see Section 6.3.1), as well
as recent successful initiatives that explicitly address scalability, like http://corpus-
texmex.irisa.fr.

5.4 Trends in Scalable Visual Information Retrieval

The ever larger image and video databases, together with the steady development
of refined visual descriptions, lead to increasingly stronger scalability requirements
for visual information retrieval. In the following we attempt to identify a few trends
regarding the ability to exploit complex descriptions, the optimization of content
description and indexing, and the use of distributed data and resources.

5.4.1 Complex Data

Early descriptions of visual content were high-dimensional vectors representing
global image characteristics (e.g. distribution of colors or of edge orientations) and
compared using simple metrics like L1 or L2. To solve complex problems in pattern
recognition and visual information retrieval, more comprehensive and refined de-
scriptions were progressively developed, based on local or semi-local features with
various invariance properties. Images are typically described by large sets of such

http://corpus-texmex.irisa.fr
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features, with additional information regarding the positions and orientations of the
features in the image. Comparisons frequently involve complex metrics between
(sub)sets of features, matching via an affine transform, kernels taking geometry into
account or graph kernels (see Section 4.2). This raises two problems. First, classic
data structures and associated access methods may not be adequate for such data
or such comparisons. Second, every single comparison can have a high computation
cost. While metric data structures like the M-tree can in principle be employed when
the comparison relies on a metric, they prove to be inefficient for metrics that are so
expensive to compute.

A generic solution to both problems is to define embeddings. Consider the visual
descriptions are defined in a metric space (M,dM), then we must find a normed
space N (typically R

d for some appropriate d) and a mapping f : M→N such
that the original distance between any two data objects x,y ∈M is comparable to
the distance dN defined on N as the norm of the difference between their images
f (x), f (y): dN = ‖ f (x)− f (y)‖N . A data structure with an efficient access method
can then be employed in N (so the first problem is solved) and complex computa-
tions of dM are replaced by simpler computations of dN (so the second problem
is solved). There are however some issues: (i) a low distorsion embedding has to
be found, (ii) retrieval can only be approximate since the distortions are not zero,
(iii) the mapping f should be easy to compute. Low distorsion embeddings do not
exist for important comparison measures that are not metrics. Examples provided in
[23] for the Bhattacharyya and the Kullback-Leibler divergences show that tentative
embeddings into a metric space can incur arbitrarily large distortions. A different,
kernel-based hashing solution for symmetric non-metric dissimilarity measures (like
the symmetrized Bregman divergence) was recently suggested in [154].

Various solutions using embeddings were proposed for effective and efficient
similarity-based visual content retrieval, see for example [104] where the Earth-
Mover Distance (EMD) is embedded into R

d with the L1 metric and LSH is then
applied in R

d .
But embeddings are not the only possible solution. Actually, the requirements

of low distorsion embeddings are too strong. A data structure and associated access
method are only needed for performing an efficient filtering of the database. This fil-
tering must simply return a small enough pool of good candidates so as to reduce the
overall cost of the subsequent computation of the complex metrics, of the matching
or of the kernel for all the candidates in this pool; also, filtering out good candidates
should be avoided. Methods taking advantage of this fact are both efficient and easy
to set up, so one can expect them to develop further.

In cases where matching via an affine transform may eventually have to be com-
puted, methods like min-wise independent permutations locality sensitive hashing
(MinHash) proved to be good filtering solutions [46]. For a set of local features that
are close to each other in the image plane, MinHash efficiently finds all the images
containing similar sets of features. This information can be discriminant enough,
even in a large database, to allow the selection of a small enough pool of candidate
images. A rather similar method, based on local triples of local features but adding a
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simple information regarding the geometry of the triple, was shown to provide high
selectivity for similarity self-joins on a large database of video keyframes [172].

To improve the scalability of processes that require kernel computations, a
generic method was put forward in [121]. It consists in applying LSH in the feature
space associated to the kernel. The standard LSH solution requires to draw from a
Gaussian distribution the normal vector to the hyperplane defining a hash function.
This cannot be done directly in the feature space if the mapping between descrip-
tion space and feature space is unknown or incomputable, which is the case for many
widely used kernels. The solution consists in using the Central Limit Theorem: the
mean of sufficiently many independent identically distributed samples converges to
a Gaussian distribution. Hyperplanes in feature space are then defined by normal
vectors that are means of a relatively large number of other vectors. While this re-
quires a more expensive computation for each hash function, the method is generic
with respect to the kernels. It was nevertheless shown [112] that, since convergence
is slow, resulting hash functions are not independent enough, which degrades per-
formance.

In the method proposed in [112], also applicable to any kernel, each hash func-
tion is obtained by maximizing the margin in feature space between two random
samples of the data. This strongly improves independence between hash functions,
even when the number of hash functions required is very large, which this leads to
better effectiveness and efficiency. Note that, while these proposals can be applied
to any kernel, they still require kernel computations.

5.4.2 Optimized Representations and Scalability

We have seen that, in order to support scalable retrieval or mining, a data structure
and associated access method only have to efficiently filter the data. More complex
distance or kernel computations are subsequently performed on the selected candi-
dates. This also implies that filtering can be performed on data representations that
are just sufficient to support reliable filtering. Such representations can then be sig-
nificantly more compact than the original descriptions of the visual content. To be
useful, these compact representations (or codes) must reflect the similarity between
original descriptions at the scale where filtering takes place. This is a form of em-
bedding, but where a large part of the low distortion constraints are relaxed (see e.g.
[107]).

Hashing is an important and broad family of methods that allow to obtain such
codes. The set of hash functions corresponding to hash table provides a key for an
original description. The code of that description is obtained by concatenating the
hash keys provided by the sets of hash functions associated to the different hash
tables being employed. Since the hash functions are locality-sensitive, the resulting
code does represent a form of embedding.

There are several important distinctions among hashing methods (see also [112]).
In the early proposals (e.g. [80]) and some of the more recent ones, the definition of
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the hash function family only depends on the description space and on the similarity
measure considered; while data distributions have no impact on this definition, they
can be used during the retrieval stage like in a posteriori multi-probe LSH [111] to
improve efficiency for similar effectiveness.

The number of hash functions required for obtaining some level of effectiveness
can be reduced if the hash family depends on the data distribution. Unsupervised
data dependent hashing methods only consider the distribution of data and no super-
vision information. Spectral hashing [223] directly attempts to obtain binary codes
for data descriptions by optimizing the correspondence between the affinities of
data objects and the affinities of associated binary codes. While effectiveness is im-
proved over LSH for small codes, the different bits are not independent enough and
this degrades performance for longer codes. The proposal in [112] is focused on im-
proving the independence between the selected hash functions, defined in the feature
space associated to a kernel: each function is obtained by maximizing the margin
between two random samples of the data. When the data distribution is stationary,
data dependent hashing methods like the one in [112] can provide more compact
codes than data independent hashing, with both better effectiveness and improved
efficiency. For non-stationary data distributions, data independent hashing can be
expected to be more robust.

Some hashing methods further take into account task-related supervision infor-
mation like class labels or pairwise constraints in order to optimize the selected set
of hash functions. In [184], stacked Restricted Boltzmann Machines learn an auto-
encoding task and obtain compact binary codes (in a hidden layer) for input data
descriptions. These codes preserve the neighborhood structure of the input data and
can be used as hash keys. In a second stage of learning, labeled data can be em-
ployed and network weights are modified to minimize classification errors, which
also leads to refined binary codes taking into account the “semantic” similarity pro-
vided by the labels.

The semi-supervised hashing method proposed in [222] is a data-dependent pro-
jection learning problem, where both class labels of training data objects and known
similarities between data objects are translated into must-link or cannot-link pair-
wise constraints. Hash functions producing binary keys are then obtained by min-
imizing the error on the set of constraints while enforcing balanced partitioning of
the database and orthogonality between hash functions. The proposal in [153] also
translates both class labels of training data and known similarities between data ob-
jects into pairwise constraints. Hashing is defined in the feature space associated
to a kernel. The cost function employs margin-based regularization and includes
a penalty to enforce the consistency between hashing partitions and pairwise con-
straints.

The method put forward in [130] minimizes Kullback-Leibler divergence be-
tween the affinity matrix of the original data and the affinity matrix of the binary
hash codes. When labeled data is available, the affinity matrix of the original data is
obtained by computing similarities between data objects belonging to a same class;
data objects in different classes are assigned zero similarity. A new hash function (a
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new bit for the codes) is generated by minimizing its mutual information with the
existing hash functions.

Problem-related supervision information like class labels or pairwise constraints
supports a reduction in code length with respect to unsupervised hashing, but this is
achieved by removing other information from these codes. For example, the codes
may no longer be able to discriminate classes that are not present in the initial la-
beled data. Aware of this potential drawback, several of the suggested methods at-
tempt to balance “semantic” similarities provided by class labels or pairwise con-
straints available for part of the data and metric information that is present for all
the data.

5.4.3 Distributed Data and Resources

The distribution of computation and storage over a large number of computers has
the potential to significantly improve scalability in visual information retrieval but
also raises new challenges. First, response time is strongly diminished if parallel
computations are possible, even though the order of complexity cannot be reduced.
Second, online accesses to mass storage may become unnecessary if all the required
data holds in the main memory cumulated over all the computers involved; this has
a positive impact both on response time and on the total cost. The main challenges
concern the construction and maintenance of a distributed data structure, load bal-
ancing to optimize parallelism, or the replication of data and computation to face
local failures, while keeping system overhead low.

Many distributed data structures and associated access methods were proposed,
but very few were evaluated with large databases of visual descriptions. Moreover,
different distributed infrastructures can raise specific problems so the results ob-
tained in one context may be hard to extend to another context. For example, com-
puters in a cluster are typically homogeneous, are connected by high bandwidth
networks and can follow a central controller. In a peer-to-peer system, computers
are usually heterogeneous, are connected by low speed and potentially unreliable
networks, can connect or disconnect from the network at any moment, and control
is often distributed. We consider here two recent proposals that were rather exten-
sively evaluated, one on a structured peer-to-peer infrastructure and the other on a
cloud computing infrastructure.

Similarity search on a test collection of up to 100 million images, using cen-
tralized and distributed metric data structures with associated access methods, is
described in [14]. The image collection (CoPhIR) considered comprises 50× 106

Flickr images described by MPEG-7 global features. For progressively larger sizes
of the database, different systems are defined and evaluated. A general requirement
is to always have a response time of less than 1.5 seconds in order to support truly
interactive search. For a database of 105 images, a centralized system is sufficient.
The data structure employed is Pivoting M-tree with an improved node-splitting
algorithm proposed for the Slim-Tree. All the data holds in main memory. For a
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database size of 106, a distributed system is required. M-Chord is the distributed data
structure allowing to identify, for each query, which peers are concerned. Every peer
is using a local M-tree data structure to store the descriptions it was allocated and to
answer the queries it receives; all its data holds into main memory. For a database
of 107 images the M-Chord is again employed as distributed data structure, but with
an approximate retrieval method that only examines highly-promising data parti-
tions and ignores partitions having low probability of containing relevant data. For a
database size of 50×106 (or higher) the same data structures and access methods are
employed, but the leaf nodes of the local M-tree of every peer are stored on disk. In
spite of this, the response time remains within 1.4 seconds and recall is above 80%.
Since a single query does not fully use the CPUs, the system is estimated able to
process about 30 queries in parallel. Evaluations shows that the same data structures
can be used at several scales of the data and of the distributed system, requiring nev-
ertheless adaptations mainly consisting in the introduction of approximations. The
overall system is demonstrated online with 100×106 images on the web page of the
Multi-Feature Indexing Network (MUFIN) project, http://mufin.fi.muni.cz.

Since cloud computing is receiving increasing attention as a general framework
for scalable processing, it is important to see to what extent such an infrastructure is
adequate for visual information retrieval. In [13] a new metric data structure was put
forward together with associated approximate retrieval methods. The data structure,
designed to allow parallel operations, is based on pivots and inverted lists. The con-
struction of the index (the data structure) and similarity-based retrieval were then
implemented in a Hadoop framework using HDFS and HBase. The evaluation was
performed on a database of 2×109 local features (SIFT) using a 15 computer clus-
ter. The results show that a good level of parallelism can be obtained, potentially
supporting a high throughput. However, the default job starting overhead due to the
framework is relatively high and has a negative impact on the response time that
is of several seconds. To better support interactive retrieval, the framework and the
retrieval method must be specifically tuned to reduce this overhead.

5.5 Conclusion

While scalability of visual information retrieval has been a concern for about two
decades and principled approaches were put forward quite early, solutions for
databases of realistic size were only proposed in the recent years. Key to the lat-
est progress was the acknowledgement of the fact that approximation was perfectly
acceptable for retrieval by similarity and could lead to significant reductions in com-
putation cost. Most of the work on scalability focused on retrieval, but problems
concerning mining are being increasingly addressed.

The more extensive use of refined visual descriptions with complex comparison
operations raised new scalability difficulties. Low distorsion embeddings were a
first solution to this problem. A second solution consists in using data structures
and associated access methods for an efficient and effective filtering on simplified

http://mufin.fi.muni.cz
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data representations, and only performing complex comparisons for the remaining
candidates.

Increasingly stronger scalability requirements come from the need to make the
most of ever larger image and video databases. For multi-level processing, the op-
timization of visual content representations with respect to data distributions and
to the problem to be solved should continue to support significant advances. Dis-
tributed processing is another important direction to follow for scalable visual in-
formation retrieval.

While the recent progress in this domain is encouraging, it is important to keep
in mind the rate at which the amount of available multimedia content increases.



Chapter 6

Evaluation of visual information indexing and

retrieval

Georges Quénot, Philippe Joly

Abstract Comparative evaluation of methods and systems is of primarily impor-
tance in the domain of visual indexing and retrieval. As in many other domains, it
is generally organized by institutions like NIST or by research networks like Pascal
or PetaMedia. Evaluations are carried out in the context of periodical campaigns, or
benchmarks. In these, one or more visual indexing or retrieval tasks are defined, each
with a data collection, relevance judgments, performance measures and an experi-
mentation protocol. Participants submit results computed automatically and blindly
and the organizers return the measured performances. These evaluation campaigns
are generally concluded by a workshop in which the participants explain how they
performed the tasks. The chapter will give an overview of the major evaluation cam-
paigns in the domain and present in detail the tasks, the data collection, the metrics
and the protocols used. The state of the art performance in recent campaigns and the
lessons learned from these campaigns will also be presented.

6.1 Introduction

Indexing visual contents requires a large set of atomic technologies, each of them
being the scope of research works. To develop and to assess these works, a minimal
content set is generally collected and annotated to test the relevance of the propo-
sitions. But most of the time, this content set cannot be distributed and therefore
results cannot be verified − at least in strictly the same conditions than the ones
used in the experimental framework − while reviewing the proposed works. On the
base of the past experience in the field of speech analysis or text retrieval, some eval-
uation campaigns have been organized since the end of the 90’s in order to create
data sets which can be shared among different laboratories, to spread the costly an-
notation effort among all the participants, and to allow researcher to compare their
ideas and contributions with sharper evaluation tools.

Basically, the first motivation is to define precise experimental frameworks. It is
generally considered that experimental results are likely to be less subjective when
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they are obtained with largely referenced data sets, annotations and evaluation tools.
The main reason is because they are supposed to be externally generated resources.
Furthermore, when those resources have been already used to evaluate similar anal-
ysis tools, it eases the comparison with some state-of-the-art technologies and helps
to appreciate the contribution. Having the knowledge of the corpus, the reviewing
process may so take into account the ability to deal with already well-known and
identified difficulties or limitations raised by data themselves.

The second major interest in evaluation campaigns stands in providing areas of
discussions where problem definitions and theories can be improved on a very spe-
cific topic. Being motivated by comparing scientific works, the involved community
has got to agree on common definitions or common process before submitting the
results. As a lateral result, the evaluation guidelines may integrate some concept or
technology definitions in a similar way to the documents produced by normalization
bodies. These guidelines may also identify problems of interest which may durably
influence works in the corresponding domain at a large scale. But those documents
are not the only outputs of evaluation campaigns which are considered of interest.
The annotated data are important resources for supervised recognition tools. When
they cannot be the support for some evaluation any longer, they can be offered a
second life as training resources in classification processes. Here again, the fact that
the training data set is well known represents an appreciated benefit to understand
the scientific contribution in the recognition tool development.

Obviously, the main expected output of an evaluation campaign stands in the
identification of the best technologies to address a specific task. This generally con-
sists in ranking results thanks to some predefined metrics. This gives an overview of
the potentiality in the scientific domain and allows generating a useful and relevant
state-of-the-art where all proposed methods can be compared and analyzed through
their ability to address some difficulties or their limitations. But another important
result is the observation of the technology domain evolution year after year. When
an evaluation campaign can be organized as a recurring event, offering each time a
similar evaluation framework (similar data, same evaluation tools) to the participant
community, it allows observing in which way the technology evolves and when it
reaches its highest point. We can also observe how tasks are slightly redefined each
time in order to enlarge the problem, giving so an idea of progresses along the time.

6.2 Organizing an evaluation campaign

In the following paragraphs, we present different concepts or principles used in eval-
uation campaigns. We may assume that each campaign proposes different mecha-
nisms. We do not pretend to be exhaustive here. We just present a list of general
principles which are likely to be the most transversal ones.
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6.2.1 Organization

Different tasks have to be managed during the organization of an evaluation cam-
paign. Members of the organizing committee are generally requested to be neutral
towards the challenges. They shall not give some orientations (in tasks, annotation
formats or metric definitions) which could a priori emphasize a given technology or
penalize another one. Of course, they are usually not expected to be participant as
well, or only with some strong restrictions. The organizing committee is in charge
of writing the “organization plan” gathering all the guidelines about the evaluation
paradigm which is distributed to participants. Among all the roles to be played in-
side the Organizing Committee should figure:

• the data providers: their role is to collect a set of data (images, videos), to even-
tually reformat files in order to generate some homogeneously encoded files, to
manage copyright issues, to distribute or to provide an access to the content set
during the campaign.

• the annotators: they are in charge of creating the annotation “ground truth” which
will be used as a reference during the evaluation process. They also contribute
to the annotation guide updates in adding all remarks and decision taken for the
annotation of ambiguous cases.

• the evaluators are in charge of the metric definitions and of the development of
the corresponding evaluation tools.

• the integrators gather and handle evaluation tools. They may also develop a web
site offering services for the campaign management (participant registration, data
distribution, repository where results can be uploaded, results format checking,
forum, etc)

• the result editors are in charge of analyzing results sent by participants. They are
expected to provide a synthetic publication intended to the participants and the
evaluation campaign organizers.

6.2.2 Terminology

Many words used in evaluation campaigns on image and video analysis tools are
coming from other domains, mainly text and speech where we observe a longer
experience in building framework to compare technologies. This terminology is not
fixed by some official dictionary, but formal definitions of some pieces of vocabulary
are requested at an early stage of the process to avoid confusing situations. A typical
example stands in what can be identified by the term “results”. One may consider
that it represents the data sent back by the participants, submitted to the evaluation
process. One may consider that it designates the output of the evaluation process,
i.e. the values generated by the evaluation metrics. Hereafter is a short glossary of
some terms often used in that domain.
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• Assessment: after the evaluation process, some elements may raise some previ-
ously unidentified issues. It can be due to some errors in the annotation. It can be
due to some ambiguous cases. This may lead to a specific adjudication by the or-
ganizing committee and to apply a new evaluation step while taking into account
this decision.

• Baseline: this term designates results generated by a simple state-of-the-art anal-
ysis tool. Those results are evaluated as regular ones and are used to observe how
far the evaluated technologies from this basic tool are.

• Dry run: First evaluation round to identify potential problems or limitations in
the evaluation process. Results coming from the dry run are not taken into ac-
count. Hypothesis may be degraded data in order to check the robustness of the
evaluation tools.

• Reference: this term designates the manual annotations of the content set. The
reference can be seen as the ground truth to which results submitted by partici-
pants will be compared.

• System or Hypothesis: both terms can be found in the literature to designate
values submitted by the participants.

• Results: without any other precision, results are generally associated to ranks
or error rates or the output of any metric used to evaluate technologies in the
evaluation guidelines.

• Run: this corresponds to one hypothesis built with the output of one analysis tool
applied in the same conditions to all the content set files (same parameters values,
same training data sets, etc). During an evaluation campaign, a predefined fixed
number of runs may be submitted by participants. It allows them to test different
analysis tools, or different sets of parameters for a same tool.

6.2.3 Agenda

A typical agenda for an evaluation follows these steps:

1. tasks, content set, formats, metrics definition
2. round table with participants: this steps aims at verifying that there is a common

agreement and a good understanding of the evaluation process
3. content set, annotation, evaluation tools production.
4. dry run organization

• development data, evaluation tool distribution: development data are supposed
to be representative of the content set. These resources are generally required
to train supervised recognition tools. They can be also used to determine the
best parameter values for generic analysis tools to obtain the best results for a
specific content set.

• test data distribution: Data used as a support for the evaluation are generally
distributed only at a predefined date in order to give to all participants the
same amount of time to generate their hypothesis.
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• hypotheses submission. They normally must respect a format which can even-
tually be checked during this step. The goal is to avoid unexpected errors when
applying the evaluation tools, but also to prevent participants from disappoint-
ing results only due to some syntactic reasons.

• evaluation and result diffusion. The annotation used for the evaluation may
also be distributed in order to let the participants check their own results.

• assessment, round table with participants. At this moment, participants can
raise some observations, shortcomings, problems in the evaluation process
that should be taken into account. They can also deny some of their results
and explain their motivations. In the case of a common agreement, this can
lead to some modifications in the forthcoming evaluation step.

5. annotation, evaluation tool upgrades: This step depends on the output of the pre-
vious assessment step and on the organizer experiences of the dry run process.

6. evaluation organization: it follows the same steps than the dry run.
7. result updates: after the second evaluation step, some updates can be still neces-

sary in order to obtain a common agreement between participants.
8. final result publication

In case of recurring evaluation campaigns, participants can be involved the def-
inition of forthcoming tasks. Some new tasks may be defined with a specific status
in order to test the robustness of the proposed evaluation paradigm and gather a
sufficiently large content set before a first real evaluation step.

6.2.4 Copyrights and legal matters on the content set distribution
and exploitation

Content providers, especially in evaluation campaigns of image and video analy-
sis tools, have often to face some limitations in data distribution due to some legal
restrictions. Basically, copyright matters may limit the way the content set can be
exploited. It may not be allowed to be distributed outside the scope of the current
evaluation campaign. This leads to the impossibility for researchers to compare their
results with the ones obtained in the framework of the campaign after the period of
the campaign. The content set may not be liable to be exploited outside the scope
of the campaign. In this case, there is no legal possibility to claim new results on
topics which were not addressed by the campaign. Showing video excerpts or im-
ages in scientific conferences may be forbidden. For content sets dedicated to video
surveillance systems, capturing video sequences with people who can be identified
may also lead to some restrictive exploitation rules. In many countries, it requires a
signed agreement from each appearing persons, available for a limited time period.
Most of the time, those legal restriction are required to prevent from some unautho-
rized commercial exploitation of the content set, especially when it has been freely
provided.
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6.2.5 Ground truth and annotation process

Sharp definitions of concepts, objects or segments do not prevent from ambiguous
cases. We generally observe the necessity to handle an “annotation guide” to regis-
ter all decisions taken during the annotation process to face those ambiguous cases
and to improve the consistency of annotations. Ambiguous cases may be marked
as “difficult cases”. A specific flag is then attached to the content in order pay a
specific attention to these cases during the evaluation process. For example, results
can be produced while and while not taking into account those cases. In the Clear
campaigns [1], organizers decided to use two flags: “Don’t Care Frames” (to ex-
clude frames from the annotation − and so from the evaluation process) and “Don’t
Care Objects” (DCO) (to exclude irrelevant objects− and more precisely here some
faces which could not be identified). In the Argos campaign [113], the flag “Joker”
was used to identified difficult cases. Manually annotating a content set is gener-
ally a very costly process. Some strategies have been developed to reduce that cost
in some cases. For example, only a subpart of the content set can be annotated.
Participants are then expected to send a hypothesis covering the whole content set.
But this hypothesis is only evaluated on the annotated part. Participants are not in-
formed about the specific parts on which the evaluation will focus. If a sufficient
number of participants is reached, another possible strategy to reduce the annota-
tion cost consists in gathering the N most relevant results (when they are ranked)
from all submitted hypothesis, to manually judge them and to keep only the actually
relevant ones. They are then used as a reference to evaluate the so-called “inferred
average precision” [230]. Here, the annotation step is performed after the hypothesis
submission.

6.2.6 Evaluation metrics

Some typical metrics are inspired by those used in the information retrieval domain.
In this case, the hypothesis may identify two types of data elements: positive (rel-
evant) and negative (non-relevant) ones. Most of the times, only positive elements
are returned in the hypothesis, assuming that all other are negative. When compar-
ing the hypothesis and the reference, elements can be classified and counted in the
following categories:

• True positives: a true positive is an element of the hypothesis identified as satisfy-
ing the query or as relevant for a detection task and which actually is an expected
result.

• True negatives: a true negative is an element of the hypothesis identified as un-
satisfactory for the query or as non-relevant for a detection task and which is
actually not relevant.

• On the opposite side, false positives and false negatives correspond to error cases.
False positives are elements of the hypothesis returned as positive cases while
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they actually do not fit the task. False negative are omitted but expected elements
or elements identified as wrong cases in the hypothesis.

These definitions may be adapted to fit actual cases for detection or identification
tasks. But, they can be directly used in the following metrics:

• Recall rate: this is the number of true positives over the sum of true positives and
false negatives.

• Precision rate: this is the number of true positives over the sum of true and false
positives.

• The F-measure is defined as the “harmonic mean” of recall and precision. This
metric is often used because it consists in a combination of the two previous
metrics into a single value. It is equal to twice the product of the precision and
the recall rates over the sum of the two rates.

• The Average Precision is the evaluation of ranked results (from the most to the
less relevant). In practice, it is define by the following formula:

n

∑
k=1

Precision(k).(recall(k−1)− recall(k))

where k is the order number of a returned result in the hypothesis. precision(k)
and recall(k) are the precision and recall rates obtained while taking into account
only the k first results, recall(0) being null. In PASCAL, k takes only a subset of
possible values so that the recall variation is constant (actually equal to 0.1).

• Mean Average Precision: this metric can be applied only when several tests are
performed for a given task (several concept to be detected for example). It is
equal to the mean of all average precisions obtained for each test.

For segmentation tasks, one may consider two different cases: one adjacent seg-
ment must be detected in a piece of the content set versus the situation where sev-
eral segments must be detected. In the first case, the proposed metrics for such a
task are generally computing an error rate as being the ratio between the intersec-
tion between the two segments and their union. In the second case, some segments
returned in the hypothesis may overlap several segments in the reference and vice-
versa. Generally, a first step consisting in matching one segment of the reference
with one segment of the hypothesis is applied (see CLEAR (task on face detection
and tracking), TREC 2009 (task on video surveillance event detection) for exam-
ple). It may consist in associating segments with the maximum overlap when this
overlap is judged of a sufficient size or duration. In case of fuzzy boundaries, one
may reduce the local errors on segment boundaries by just taking into account the
distance between centers of gravity.

In order to emphasize limitations of the evaluated technologies, one may define
various error rates. The goal for a participant is to obtain the lowest error rate. Such
metrics can be expressed on an opened scale: the lowest value is 0 while there is
no limitation for the highest value. Error rates can be normalized, but in this case
some attention must be paid to some possible drawbacks. To normalize the metric,
it is generally necessary to divide by the number of elements in the reference and in
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the hypothesis. But, doing so, participants may reduce the error rate by artificially
increasing the number of elements in the hypothesis. It may so not be recommended
to systematically propose normalized error rates.

It is not possible to list all the metrics which have been proposed in all the eval-
uation campaigns on image and video analysis tools. Let us mention here as an
atypical process, the one used in TRECVID 2008 on automatic summarization. Re-
sults were manually evaluated. The evaluator was asked to give a graduated rank
between “strongly disagree” and “strongly agree” as an answer to a set of questions.
He also had to verify that a predefined set of concepts of events can be seen in the
summary. When a summary was judged by several evaluators, the mean of the given
marks is used in the evaluation metrics.

6.3 Main evaluation campaigns overview

Among the periodic evaluation campaigns in visual content retrieval, TRECVID
[202] is one of the main ones. Several others are also significant like Pascal VOC,
ImageNet ILSVRC, ImageCLEF and MediaEval. These will be presented in the
next sections.

6.3.1 TRECVID

As mentioned by the organizers on the NIST siteA: “The main goal of the TREC
Video Retrieval Evaluation (TRECVID) is to promote progress in content-based
analysis of and retrieval from digital video via open, metrics-based evaluation.
TRECVID is a laboratory-style evaluation that attempts to model real world situ-
ations or significant component tasks involved in such situations.”

TRECVID initially started in 2001 as a track within the NIST Text REtrieval
Conference (TREC) and it became an independent workshop in 2003. Over the
years it covered a dozen of different tasks. Table 6.1 shows the evolution of these
tasks over years. As resources are necessary for the organization of the tasks and for
the assessment of the results, only a limited number of tasks, typically between two
and six, can be run each year. Therefore, some tasks have to be stopped so that new
ones can be started. Tasks are removed when the addressed problem is considered as
solved or when no significant novelty is expected. This was the case for instance for
the shot boundary detection task that was stopped in 2007 after being run for seven
years. New task are introduced where novelty is expected and when progress in the
domain makes new objectives appear reachable like for instance the surveillance
event task introduced in 2008. Some tasks are extended for a significant number of

A http://trecvid.nist.gov

http://trecvid.nist.gov
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years while some lasts only one or two years like camera motion identification that
was not considered very interesting.

Year 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011
Shot boundaries X X X X X X X
Ad hoc search X X X X X X X X X
Features/semantic indexing X X X X X X X X X X
Story boundary detection X X
Camera motion X
BBC rushes X X
Summaries X X
Copy detection X X X X
Surveillance events X X X X
Known-item search X X
Instance search X X
Multimedia event detection X X

Table 6.1 Evolution of TRECVID tasks

The general philosophy of NIST campaigns is to evaluate complete systems like
typically the ad hoc search of shots containing a given topic within a collection of
video documents. System components are generally not evaluated as such because
it is difficult to define a realistic and useful task corresponding to these components.
Also, there is no guarantee that a method which is good by itself for such a subtask
will be the most efficient within a complete system. In the case of video retrieval
however, a number of subtasks were defined and evaluated separately due to the
high complexity of the higher level task and to the possibility of defining meaningful
subtask. While the ad hoc task remains the real use case, the following subtasks
were defined and evaluated separately as components useful to achieve it. These
included segmentation tasks at the signal level (shot boundary detection) and at the
semantic level (story or scene boundary detection). They included also the detection
of features, also low level ones like camera motion or high level ones like concepts
or multimedia events.

The ad hoc search task itself was finally stopped because it was considered that it
did no longer brought significant innovation even if it was not considered as solved.
It was replaced by variants like the instance search (search from examples) and
known item search (search for a previously seen shot or document from a description
of it). A few different higher level tasks were also introduced like: detection of
modified copies of video segments, video surveillance event detection, structuring
of rush repositories and summarization of rush sequences.

Over the years, there has also been an evolution in the amount and in the vari-
ability of video data used for the systems’ evaluation. Considering the type of data,
it included TV news in English, Arabic and Chinese, rushes from BBC, documen-
taries in Dutch, airport surveillance videos, Internet Archive videos with creative
commons license and videos from HAVIC Internet multimedia. Whenever possible,
a same source of data is used for several years while new test data is added each
year. Also, when possible, a same source of data is shared between several tasks
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and even results from one task can be used as input for another task. For instance,
the results of the high level features (concepts) detection task were shared by the
participants and used as indexing elements for the ad hoc search task from 2004 to
2009. The volume of data itself grew from about 11 hours of video in 2001 to about
1700 hours in 2011.

There has been simultaneously an increase also in other scalable dimensions.
For instance, the concept detection task started with 10 concepts in 2002 but many
participants processed only a few of them individually and it grew up to 130 in 2010
and to 346 in 2011.

The number of topics in the ad hoc task was kept stable to 25 because of the time
necessary to run the interactive runs and to do the assessment of submissions but the
difficulties of the queries also evolved over time so that the task remains challenging
despite the technical progress over the years.
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Fig. 6.1 Sample of TRECVID results for the semantic indexing full task (2011)B

Figure 6.1 shows a sample of TRECVID results for the semantic indexing full
task (2011). Submissions are ranked according to the official evaluation measure
(mean inferred average precision, estimation of the MAP). The best system had an
estimated MAP of 0.173, which is quite low considering that the range is from 0
to 1 and that a perfect system would have a MAP of exactly 1. This indicates that
the problem of assigning semantic tags to video segments is hard and still far to be
solved.

B From http://www-nlpir.nist.gov/projects/tvpubs/tv11.slides/tv11.sin.slides.pdf .

http://www-nlpir.nist.gov/projects/tvpubs/tv11.slides/tv11.sin.slides.pdf
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The impact of TRECVID has itself been evaluated [206]. In the last decade
TRECVID has involved a total of over 110 research groups from across the globe
and more than 60 groups participated in 2011. TRECVID has been directly or indi-
rectly responsible for over 2,000 peer reviewed publications with 15,000 citations,
in journals and conferences so it is a sizable scientific activity and has involved over
1,100 researchers.

6.3.2 PASCAL VOC and ILSVRC

The Visual Object Classes (VOC) challenge is organized by the PASCAL Network
of ExcellenceC. As mentioned on the challenge siteD, the goal of the PASCAL Vi-
sual Object Classes [62] is: to provide standardized databases for object recognition;
to provide a common set of tools for accessing and managing the database annota-
tions; and to run a challenge evaluating performance on object class recognition.

The Pascal VOC challenge has been run from 2005 to 2011. In 2011, there
were three main competitions: classification, detection, and segmentation; and three
“taster” competition: person layout, action classification, and ImageNet large scale
recognition. Classification, detection and segmentation competitions all considered
a common set of 20 classes from four categories:

• Person: person;
• Animal: bird, cat, cow, dog, horse, sheep;
• Vehicle: aeroplane, bicycle, boat, bus, car, motorbike, train;
• Indoor: bottle, chair, dining table, potted plant, sofa, tv/monitor.

The three main tasks are defined as follows:

• Classification: For each of the twenty classes, predicting presence/absence of an
example of that class in the test image.

• Detection: Predicting the bounding box and label of each object from the twenty
target classes in the test image.

• Segmentation: Generating pixel-wise segmentations giving the class of the ob-
ject visible at each pixel, or “background” otherwise.

The database is of intermediate size. It contains 28,952 images, split into 50% for
training/validation and 50% for testing. For the classification task, the prediction is
made via a continuous score that allows sorting the test images according to their
likeliness of containing the target concept. The ranking associated to this score al-
lows evaluating the methods or systems according to the average precision metric.
In 2011, the best system had a mean average precision of 78.5%.

In the large scale task (ILSVRC), organized in conjunction with the ImageNet
projectE, the training, validation and test data sets contained respectively about

C http://pascallin2.ecs.soton.ac.uk/
D http://pascallin.ecs.soton.ac.uk/challenges/VOC/
E http://www.image-net.org/

http://pascallin2.ecs.soton.ac.uk/
http://pascallin.ecs.soton.ac.uk/challenges/VOC/
http://www.image-net.org/
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1.2M, 50k and 150k images. Participants had to classify the images according to
a list of 1000 categories from WordNet. Systems had to provide a list of 5 candidate
categories for each of the test images. Two metrics were considered for the per-
formance evaluation: the “flat” one is the error rate considering that the answer is
correct if the reference category is within the 5 returned ones and the “hierarchical”
one which takes into account the height of the lowest common ancestor between
the reference categories and any of the 5 returned ones. The best system obtained a
score of 0.257 for the flat cost and of 0.110 for the hierarchical cost. It was observed
that both metrics ranked the systems in a consistent way.

6.3.3 Other evaluation campaigns

CLEF (Cross-Language Evaluation Forum) is a series of conferences on Multilin-
gual and Multimodal Information Access Evaluation. ImageCLEFF is held in con-
junction with CLEF. It is quite similar with other campaigns for the evaluation of
content-based image indexing and retrieval systems but it has the specificity of ad-
ditionally taking into account textual data associated to the images. For instance, the
photo annotation task of ImageCLEF is a concept detection task that can be done in
three different conditions:

1. Automatic annotation with visual information only
2. Automatic annotation with Flickr user tags (tag enrichment)
3. Multi-modal approaches that consider visual information and/or Flickr user tags

and/or EXIF information

ImageCLEF has been conducted since 2003 and included five tasks in 2011:
Medical Retrieval, Medical user-oriented, Photo Annotation, Plant identification,
Wikipedia Retrieval

The MediaEval Benchmarking Initiative for Multimedia EvaluationG is orga-
nized by the PetaMedia Network of ExcellenceH since 2010 and is a continuation
of the VideoCLEF initiative that was also conducted in the context of CLEF in 2008
and 2009. In 2011, it included six tasks: Genre Tagging, Rich Speech Retrieval,
Spoken Web Search, Affect Task (violent scene detection), Social Event Detection
and Placing Task (geo-localization of visual content).

The REPERE challengeI is organized by the French National Research AgencyJ.
The goal is to find person related information in broadcasted video programs. Four
tasks are defined as answering to the questions: Who is seen? Who is speaking?

F http://www.imageclef.org/2011
G http://www.multimediaeval.org/
H http://www.petamedia.eu/
I http://www.defi-repere.fr/index.php?id=27
J http://www.agence-nationale-recherche.fr/

http://www.imageclef.org/2011
http://www.multimediaeval.org/
http://www.petamedia.eu/
http://www.defi-repere.fr/index.php?id=27
http://www.agence-nationale-recherche.fr/
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Whose name is pronounced? Whose name is written? The search can be done either
in the corresponding modality or in a multimodal way.

6.4 Conclusion

In campaigns on image and video analysis tools, data are distributed to participants
a sufficient time before results are expected to be returned. It gives so the possibility
to tune automatic tools, and even more, to authorize human intervention in the hy-
pothesis generation process. Some evaluation campaigns on other domains (MIREX
for example on musical contents) consist in submitting analysis tools to the evalu-
ator (and not the values generated by these tools. The evaluator is so in charge of
running the evaluation tool on the content set. This content set is then never sent
to the participants before the assessment step. This full blind evaluation limits the
possibility of human interventions in order to fit the data.

Evaluation campaigns are generally very fruitful, especially when they are re-
peated during several years. They permit a meaningful and objective comparison of
indexing and retrieval methods as well as of some as their key components. They
really contribute to accelerate the progress in the domain and they help federating
the work of many research teams. Exchange of components or annotation or index-
ing elements across participants helps the identification of the best ones and of their
best combinations.

Evaluation campaigns can be used for setting and making evolve a common re-
search direction. Organizers, considering the feedback from the participants, have
to carefully design the tasks so that they are realistic and useful, and to make them
evolve to stay close to the current limitations. In TRECVID and in other peri-
odic evaluation campaigns, tasks start, evolve and stop according to the achieved
progress, to the new problems that become reachable, to the potential needs of the
industry and to the interest of the scientific community.

When a domain is mature, as this is the case for multimedia indexing and re-
trieval, evaluation drives the progress within it; evaluation comes before the devel-
opment of new methods, not after.

There is however a number of limitations associated to the practice of evaluation.
First, there is an exaggerated trend to reject anything that has not been properly eval-
uated or that has been evaluated but with a performance currently well behind the
current state of the art. This prevents the emergence of a number of innovative and
potentially interesting ideas that should be given a chance to be further developed.

Second, participating to even a single task of a single evaluation campaign often
require a large investment and a lot of engineering and non scientific work. Small
groups usually have difficulties to step in and this is also linked to the previous
point about the prevention of the emergence of new ideas. Cooperation between
participants like the French IRIM initiative [54] can help reducing this effect.

Third, there is a trend to over tune a system implementing a method to the target
data. As well as the differences in available computing power between the partici-
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pants, the differences in available manpower for tuning the systems may mask the
actual difference of performance between the underlying methods.

Finally, statistical significance has to be taken into consideration. Comparison
between methods is only statistical and a ranking is always given with a probabil-
ity. Randomization tests [70, 60] can be used to determine whether a difference is
statistically significant or not.

While these limitations have to be taken into consideration and their effects have
to be minimized as much as possible, the organization of periodic evaluation cam-
paigns have a very strong and positive impact in the domain of multimedia indexing
and retrieval.
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177. Jerome Revaud, Guillaume Lavoué, Ariki Yasuo, Atilla Baskurt, and Université De Lyon.
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