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Abstract

This paper addresses the issue of retrieving images based on visual content, according a particular
attention to the semantic dimension of information retrieval. A brief review of existing Image Retrieval
Systems is provided, hilighting a major drawback of these prototypes, namely the lack of integration
between classical “semantic search”, and visual similarity retrieval (i.e. content-based retrieval). A
new approach is proposed, that tries to integrate a real “semantic” dimension into visual content-
based image retrieval. Images may be retrieved either by keyword matching (for manually indexed
images), or by visual content matching. This approach is then particularly adapted to partially
indexed databases, and may be used in a semi-automatic indexing tool.

1 Introduction

Many images can be found in several different image databases. The organization of these databases
determines the way users will be able to retrieve images. Some systems allow querying by keywords,
assuming that each image has been manually indexed when introduced into the database. A set of
keywords is associated to the image, depicting as precisely and exhaustively as possible the semantic
and/or visual content of images. This tedious task is crucial: the performance of the system depends
on the quality of the indexing process. Another type of system analyses automatically each image and
computes off-line a set of visual features, based on the image signal. A similarity measure, based on
these indices, is used to search into the database. This “similarity retrieval” can answer questions like
“find images that look like this one”. No manual indexing process is needed. The former approach is
time-consuming, but allows precise semantic search, whereas the latter needs no particular manual image
processing, while allowing only retrieval based on visual similarity.

This paper addresses the issue of retrieving images based on visual content, according a particular
attention to the semantic dimension of information retrieval. We will examine how this issue has been
tackled so far in existing image retrieval systems. Then we present our approach, based on an image-text
integration. Our model is to be applied to image retrieval and semi-automatic indexing.

2 Information Retrieval Systems: an overview of existing
approaches

More and more content-based image retrieval systems are developed [AZP96]. They tackle the difficult
issue of retrieving non-textual documents in large databases. Images can be retrieved either by keywords,
assuming that each image has been manually indexed, or by a content analysis, based on the image signal
(e.g. RGB values of each pixel), that allows visual similarity retrieval.

A visual content-based retrieval system presents some interesting features:
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e [t allows retrieval of images that are not indered by keywords. The database can be fed with non-
indexed images, but, of course, computations must be performed on images, in order to derive
numerical features used for matching.

e Query by example is possible: users provide the system with an image or a sketch, provided they
actually know what they want! Visual conditions can therefore be expressed in the query.

As users’ needs are different and may be complex, queries can consist in various conditions expressed
at different levels. For image attributes and content (like author, title, description), keywords are used
as indexing and querying items. For image composition, spatial relationships are used to describe the
layout of the image, in terms of represented objects. Note that an “abstract” layout can be computed,
based on some homogeneity criterion: identifying objects is then not needed. Finally, visual aspects can
be considered: color, texture and shape information are possible features, but many other criteria could
be considered. We now give an overview of image analysis techniques that can be applied either for raw
features extraction, or for content analysis. We then briefly describe three different types of systems.

2.1 Image analysis techniques

Basically, any color image is an array of pixels, having a color and a position. Many features describing
colour, texture or shape can be computed from this raw data [Pra91, HS92]. The main problem is to
find features that are robust (i.e. they produce similar results when applied to similar images) and that
are perceptively meaningful. Invariant features address the robustness issue. Those features tend to be
independent to scale, rotation, translation and intensity variations in images [RW95, SM95].

It is however often time-consuming to compute many features on each pixel of the image. Features
are then computed on homogeneous region [ALO95], or on some pixels, that are of particular interest
(high-curvature points [RS95], or key points [SM95]).

2.1.1 Texture analysis

Texture characterization techniques are applied to gray-scale images, and fall into two main classes of
methods: statistical methods, mainly based on co-occurrence matrices, and structural methods (assuming
some “regularity” properties of images). We just list here some well-known kind of indices [CP95, VDO85]:

e Stochastic attributes can be computed, considering images as a discrete random process. Markov
fields-based techniques are a good example [HS80, HY82, PH95].

o Co-occurrence matrices [HSD73] assume that information are contained in relations between pixels
in a given neighbourhood. Generalised co-occurrence matrices have been defined in [DJA79] and

further extended in [WC92].

e In Spectral approaches, images are analysed in the frequency domain. The Fourier transform yields
coefficients that can be considered as image features.

o Multi-scale analysis methods (e.g. wavelet transforms) can cope with all different types of textures,
as they can further decompose some bands of the initial signal, in order to capture more precise

information [MM96, CK93].

o Surface attributes and geometric features can help to texture classification [QNT95], or at least give
some shape information [DP96].

e Mized approaches try to make a unique feature encapsulating information on feature and color

[CR93).
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2.1.2 Color analysis

Color can be represented in different models, or color-spaces. The most common model is RGB, but
various other models exist. For example, HSV models correspond to human perception of colors, but are
device-dependent... L*a*b* and L*u*v* space are device-independent, and perceptually uniform. They
do not correspond, however, to human perception. These remarks illustrate that no single model can be
adopted as the best in every domain, as each color-space has its own properties. Moreover, color-spaces
are often quantized to reduce the size of the search space, and the effectiveness of color features then
depend on the quantization algorithm.

Color histograms have been extensively used to represent the color distribution of an image [SB91].
This is a basic image feature, but more complex approaches can be considered depending on the retrieval
context: target search involves, for example, invariants computing, such as color angles [FCF96], or
histograms [HS94], that are illumination-invariant.

2.1.8 How to use image features?

Raw image signal yields image features that should produce higher-level information, depending on our
needs. Within a content-retrieval domain, image features could be helpful in determining:

e Homogeneous color region [OKS80, UA94], that are automatically computed relying on texture or
color homogeneity (i.e. pixel similarity must be determined [SO95, GS95] [MKNM95, HSE*95]).
They have no particular meaning to the end-user, as we can’t assume that these homogeneous zones
actually correspond to a “real world” object;

e Spatial relationships, given a description of zones and their absolute or relative position, can form
a first idea of the composition of the image;

e Zones relations: specific information about zones (inclusion, occlusion, or any higher-level informa-
tion...);

Apart from these “abstracted” zones mentioned above, user-provided information may be added to
cope with more subjective knowledge about objects: “real world” objects are more interesting, though
more difficult to identify automatically. Image analysis methods exist, however, to identify known objects
[SM95, MP97b], and to automatically annotate images [PM95, SMEK96].

Any data collected about images must be stored within a specific model. Many different models
have been designed, some being domain-dependant: EMIR [MHLF93], EMIR-2 [Mec95], Meghini model
[MRT91, Meg95], Kiyoki model [KKH94]; models used in VIMSYS [GWJ91], CORE [WDM™*95]. The
descriptive power of these models is inversely proportional to their ease of instantiation, and utilization,
as a very comprehensive model claims very precise image content information. As a result, there’s often
a trade-off between precise information availability, and retrieval (and indexing) speed.

2.1.4 Image analysis limits

The first limit of image analysis methods is that they are not always robust, i.e. they can return
non-similar results when applied to similar images. This is a strong drawback, suggesting that these
methods cannot produce 100 percent reliable information for higher-level processes. Moreover, known
objects identification is not always possible, as objects can have multiple representations. Visual features
must be considered as “hints”, or indices, that can help further processing, based on more sophisticated
algorithms. Techniques applied to such problems are numerous [DCL97]. Some systems may use data
and/or knowledge embedded in their description model: production rules in [GOCT92], graphs rewriting
grammars [HKKZ95], natural language analysis tools [Sri95]. Many different methods could and even
should be considered, as it is quite difficult to predict which combination of features is the best one, given
a particular problem. This leads some authors [MP97a] to implement a “society of models”. Artificial
Intelligence techniques contributions are described in [CL97]. General frameworks are defined in [GYA97]
and can be instantiated for a given domain.
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Image analysis techniques yields non robust features, objects identification is not directly manageable
in heterogeneous images : thus, automatic indexing is out of question. This brief overview has hilighted
some of the most important problems we have to face when considering to implement an efficient content-
based retrieval system. The next section examines how image retrieval is carried out by some of these
systems.

2.2 Three classes of systems

This simple taxonomy describes three different types of systems: the first one relies on keywords to achieve
indexing and querying, whereas the second one relies on visual features, that allow visual similarity
computation. Finally, we describe systems that allow both keyword and visual similarity querying and
retrieval.

2.2.1 Text-based systems

Keywords are used as indexing terms that describe the content of the image, and as querying items
[Hal89, Sma94]. Some Information Retrieval Systems implement a complex data structure that can be
browsed, as in VIMSYS [GWJ91], MMIS [GOCT92], or instantiated to formulate a query, as in MULTOS
[RS92]. As natural language is powerful, it seems possible to give a good image description with keywords,
especially when a data model is available, as in the systems mentioned above, to structure the information.
However, their lack of pure visual similarity facilities has motivated the development of new systems.

2.2.2 Visual content-based systems

This class of systems put the emphasis on images pictorial content. The query may consist in an image,
a sketch, a color histogram... IIDS [CYDAS8S] uses predefined iconic objects that the user can place on
the screen, expressing by this way a generic image composition. TradeMark [WLS95], and Art-Museum
[Kat92] use user-provided sketches to search the database. The VisualSEEk [SC97] system allows queries
based on color, texture, shape, and sketches. These systems rely on visual features matching only. That
is, they compute a set of indices on images, and use some similarity measures to compare images.

2.2.3 Hybrid approaches

In these systems, besides some visual indices computations, image theme and content can be expressed
via keywords, which can be manually provided or semi-automatically computed by the system. Keywords
can also be associated with a combination of visual predicates that define their visual representation (e.g.

the keyword “sky” is associated to the blue color (The Chabot system, [0S95]). The QBIC [NBW*93]

is well known: its similarity measure relies on keyword, shape, color and texture.

3 A text-image integration scheme

3.1 Motivations

Indexing is often a manual time-consuming task. Moreover, words are subjective, and it is difficult to
choose the ultimate word, as describing visual impressions remains a tedious task. Users face the same
problem of choosing the keyword that best suits their needs : how to describe, with keywords only,
the image they want? Visual similarity-based systems allow users to retrieve “visually similar” images,
provided users know what image they want (image-based query) , or provided they are great painters
themselves (sketch-based query). As visual indices are numerical data, without direct meaning to users,
they cannot directly be used as query items. Regarding the general information retrieval task, “visual
similarity retrieval” is not sufficient: similarity is a complex concept and Visual similarity is only a part
of it. Deeper semantic content is often forgotten. A good relevance feedback mechanism would help,
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but it is rarely implemented in these systems (actually, it seems difficult to determine how to modify a
“visual” query, based on user feedback).

All these remarks emphasize the importance accorded to keywords in retrieval systems, as the best
mediating object between users’ desires and image content. We propose an approach that bridges the
gap between text- and visual-based queries, establishing a relationship between keywords (representing
the thematic part of the image) and numerical features (representing the visual part of the image).

3.2 Implementing an “image-text interaction”

To take advantage from image analysis results without renouncement of the use of keywords, we want to
establish a strong relationship between keywords and visual features. We must keep in mind that keywords
are very important, as they are widely used as query items, and therefore as indexing terms. The problem
stems from their interpretation: different users may not associate the same visual representation to a given
keyword. Moreover, one single keyword can actually have multiple representation in the database. For
example, a general keyword such as “sky” may correspond to a blue sky, or a cloudy sky, a red sky, etc...
Our approach aims at tracking each possible representation of keywords.

3.2.1 An extended thesaurus

The first task of a thesaurus is to control and structure vocabulary: users can use it to find the most
relevant word to use in a query, being sure that this word is known by the system. So a basic idea is to
extend this thesaurus in a way it can store additional data, dealing with visual properties. Each keyword
can be associated with one or more realization, which is a visual example taken from an image clip.
Information as color, texture or shape features, but also spatial relationships (topological properties) are
computed from this clipped image. For example, a generic description for “sky” establishes that it is
often at the top of the image. A more specific “blue sky” has the following additional properties: texture
with very low contrast, dominant blue color. The thesaurus becomes a dynamic multimedia structure,
as it can be incrementally enriched by new realizations, as a result of the indexing process.

3.2.2 Thesaurus utilization

[EED W& 5
Thesaurus Browser
Words Specific Generic
BANMTSE COTE |mmomm:r£
COURS D" EAL FONDS SOUS HARINS
T /R E
PLAN D EAY HER-D Associated Terms
RAZ DE MAREF e
VAGUE
Synonyms
doear
Search for : rHexI
Seek | onit |

Figure 1: Thesaurus Panel

IRSG98

Ot



Al LaAdds Y it/ AL A A a s el eaafs YLy st saaaet ity A Al s

Our thesaurus provides users with links, that allow browsing through keywords. Classical links are
“more general”, “more specific”, “see also”, ... Figure 1 shows our prototype window that allows thesaurus
browsing. New links could however be added, such as “same color”, “same texture”, “representation of”,
etc... The latter link is important: it gives the ability to link a concrete word (i.e. a word that’s been
assigned visual properties) to a more abstract word (i.e. a word that has no direct visual representation,
like “trade”). Thus, the system is able to retrieve an image featuring an abstract concept by searching
for concrete concepts, that are known to be likely to be representations of the abstract word.

By selecting a keyword in the thesaurus, users can visualize and choose a specific representation of
that keyword, so that they can build more precise queries. This “pre-visualization” at the query definition
step can be helpful, especially when dealing with very large databases where too many images could be
retrieved by an imprecise query.

In query refinement or expansion step, the system can also take advantage of the thesaurus, as other
features such as color and texture should be considered to derive a new query.

As this thesaurus implements a relation between a keyword and visual properties, images that are not
indexed by keywords can also be retrieved. Suppose that we are searching for images containing “blue
sky”. From this keyword, and its associated visual features, we derive that images featuring mainly blue
pixels in the top match the query, even if there is no indexing record available for these images.

3.3 Taking into account different levels of abstraction

The approach we described above is however not sufficient, as not every keyword may have a visual
representation. Abstract keywords, that have a great power of description cannot be reduced to simple
“realization”, that is simply based on an image clip. However, a set of more concrete words, along with
their visual representation, can be, in some circumstances, used to illustrate this abstract concept. To
organize the known concepts, and to give the system a certain “knowledge”, we designed a specialized
data structure, that could store a concept hierarchy, as represented in figure 2.

Landscape §
N @
is_a L . . ' g

— — Heritage mechanism a
NG e TR g

Sea landscape Mountain landscape < ---- Concepfts

compose compose  Aggregation mechanism
Sea Ship

Realization mechanism

S .

A ship Another ship :
3
Color Color | o %
Texture Texture = Realizations §
Shape Shape 2
@
g

Figure 2: A simple concept hierarchy

In this example, a general and abstract landscape has two more specialized versions. One of them has
been further described, as being possibly composed of concepts “sea” and “ship”. The last concept has
two known realizations, with associated visual features that can be actually used for retrieval purposes.
Thus, if a user submits a query with “landscape”, the system may try to analyze images in order to
identify “sea” and/or “ship” in them, using its visual similarity capabilities and the image features stored
in “sea” and “ship” realizations.
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3.4 Integration in a classical Information Retrieval System

We now describe our approach architecture. Figure 3 sketches its main features. In our approach, we
intend to take advantage of the man-machine interaction during the retrieval session, from which we think
that valuable information can be extracted and reused as hints or knowledge for indexing purposes. The
indexing process takes place at the end of a session (We make the assumption that the corpus is partially

indexed).
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| | ! |
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Indexing process

Figure 3: System architecture

3.4.1 Query formulation

Users can convey their query to the system using keywords. The vocabulary is controlled by the thesaurus.
A short example of query appears in figure 4. Keywords are selected in a thesaurus, and imported in
the query frame. User can formulate for each query item some constraints: the concept depicted by the
keyword should be “absolutely”, “rather” or “possibly” absent or present in images.

Clicking on the Thesaurus button causes the thesaurus frame to synchronize, so that user can get
more information on the selected keyword, and related concepts. Clicking on the Visualize button raises a
frame that displays all possible keyword realizations, so that the user can possibly choose the realization
that best suits his needs. The buttons in the lower part of the window allow access to other query
tuning facilities: Conditions button deals with search strategy tuning (i.e. the contribution of different
agents), whereas Other criteria button allows user to express additional conditions on image attributes
like author, title, etc.
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Figure 4: A simple query

3.4.2 Database search

Retrieving images involves both keywords and visual features matching. This allows different ways of
image database access, so that non-indexed images are not left aside. Depending on the available infor-
mation for each image (keyword as indexing items, or raw visual features computed off-line), more or
less semantic is known about the image, and can be taken into account in the matching process. We will
present in this section how this idea can be achieved in our image retrieval system. Figure 5 gives an

overview of the global strategy.

Query Expression

First database search

: ‘ Search by keywords ‘

‘ Search by Patches ‘

|

(=)

Result Sets Refinement

Previous visual
Feedback exploitation

A
|
|

Verify COLOR, Verify LAYOUT

|
&)
S

retrieved
images

|

()

(if any)

Image Display &
User’s Judgements
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Display and Judgement

Figure 5: Search strategy

Searching by keywords. — In a first step, the keywords given as query items are used to search the
database, within a simple keyword matching process. A first set of images is then extracted (a subset of
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the manually indexed images satisfying the “textual” query). This yield to the set labelled E1, in which
each image is scored according to its degree of relevance. If no images are retrieved by the search engine,
an expansion process tries to modify the query. This step aims at finding new query items (keywords)
using one or more modules described in section 3.5.1. The retrieval process is the re-initiated with these
new keywords.

Searching by visual features. — Visual features give the system the ability to deal with non-
indexed images: they are used to produce a numerical description of some keywords and are stored in the
thesaurus. Figure 6 shows some relationships between keywords, image zones, and the image itself, that
can be used in the search process. “Annotated zones” are image clips that have been proposed by user as
“Interesting zones”, and related to a known keyword (it becomes a realization of that keyword, and this
relationship is stored in the thesaurus). The keywords present in the query, and which have realizations
in the thesaurus can then be used to search the database again, using a search technique based on visual
similarity (set E2).

Moreover, a list of zones, along with spatial relationships, yields an image composition. Any feature or
combination of features can be used to compute homogeneous zones in an image: this forms an abstract
image layout, that can possibly be used as a clue to find similar images, depending on the previous user’s
judgements: this user feedback, used to reformulate the query, is based on a threefold judgement that
will be discussed in the next section.

E1 and E2 can be refined if, in previous steps, color has been strongly accepted or rejected for some
images: the system can then give more or less importance to the different colors: retrieved images’ scores
will be updated according to their color distributions. Moreover, if layout has been considered important,
then the localisation of these colors is also taken into account, and scores are altered accordingly. This is
known on figure 5 as visual relevance feedback. In this refinement process, however, no information about
the actual semantic of the scene is available.

KEYWORDS S S
~—
Indexing terms
TEXTS
Folder’s Images Suggest
About images
/ About authors
IMAGE Generic...
Realize
‘ ANNOTATED ZONES | <€——

Associated to a keyword

HOMOGENEOUS ZONES

Compose According to afeature
(abstract layout)

Compose
(concrete layout)

Figure 6: Some cooperation principles

Adaptive level of abstraction. — As users choose keywords in the whole thesaurus, no assumption
can be made regarding the degree of abstraction of the chosen word: the more close to the root, the more
abstract the keyword should be. Images may be manually indexed by abstract keywords: consequently,
using an abstract word in a query will not affect image retrieval, for manually indexed images. Realiza-
tions, however, tend to be created for very concrete words, for which a visual representation exists in
images. And as we mentioned in section 3.3, when an abstract word has been chosen as a querying item,
it is highly possible that no realization has been defined for this word. The system then has to expand
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the query, and therefore exploit an additional data structure (see figure 2) that “knows” a path from this
abstract concept to some possible concrete words that are more likely to have a visual realization. This
process might lead, however, to an alteration of the semantic of the query.

When a set of images has been defined, images are presented to the user, ordered according to their
relevance score. The system then has to take into account the user’s judgement, to adapt its retrieval
strategy.

3.4.83 Results browsing and judgement mechanism

If the user is unsatisfied by the system’s answer, the query can be refined, taking into account his
judgements. The visualization window shown in figure 7 allows users to browse through retrieved images,
and assess their relevance.

We believe that judgements provided by user when browsing through retrieved images are a valuable
information, as it should discriminate between accepted and rejected images. Thus we allow him to give a
threefold judgement on each image: theme, dominant color, and layout. Theme is described by keywords
that may be used for image indexing. Dominant color can be considered at two scales: if the layout is not
considered as important by user, then the dominant color addresses the whole image color distribution.
On the contrary, if user expresses that the layout of the image is important to him, then we consider
the color distribution of an image tile. We may consider, of course, only the most important bins in
the color histogram. The layout of an image deals with homogeneous zones’ spatial relationships. The
homogeneity criterion may refer to color or texture, depending on the image. Briefly, user’s judgement
consists in:

e Judgement on theme: as it is impossible to take into account only the visual properties of the
images in the database search, keywords are crucial. This question is the one of “aboutness” of the
image, considering users’ thematic needs.

e Judgement on color: this is a fundamental visual property of the image. It has a great discriminant
power, and we shall only consider dominant colors.

e Judgement on layout: this allows the user to give an opinion on the whole image composition, not
considering precisely each component (which are not identified).

5 o o |
Results Browser

~ Accept e Accept .. Accept
~ Reject . Reject . Reject

- SN idea Ao idea No idea
Big <€ | a2 /4 o _

I ROCHERS A CAMARET

| 1 ]l ] ]

Figure 7: Image display and judgement panel

For each image, and for each aspect described above, the user can accept, reject, or have no idea.
If the image is rejected or accepted, a weight ranging from 1 to 10 has to be provided. Each aspect is
then analyzed to refine the query. Note that as soon as a first judgement has been proposed by the user,
the system can take into account color and layout properties. From all this data, the system will try to
find discriminating information on each axis: is there particular colors (theme, layout) that are found in
common in accepted (rejected) images? This allows a query refinement, as the weight associated to each
“feature” is updated according to user’s decisions. For example, images featuring a dominant red color
in upper right part of the image will be better scored, assuming that the users strongly accepted “color”
and “layout” judgements on one or more images that had actually a red zone in the upper right corner...
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3.5 Indexing strategy

The indexing process takes places at the end of a retrieval session. Of course, this is an optional task. In
our system, indexing is twofold (see figure 3). The first possible step aims at extracting and proposing
new indexing terms for images. The goal of the second step is to provide the thesaurus with new keywords
realizations.

3.5.1 Image indexing

As the search engine relies not only on keyword matching but also on visual features matching, the
retrieval session might have retrieved images that were not indexed yet. It is therefore possible that
keywords present in the query could actually be used as indexing keywords for those non indexed image.
Case-based reasoning on queries found in retrieval sessions can be considered [Sma94]. Those session
records can be regarded as long term memory.

Moreover, when analyzing an image, we derive a set of visual properties. A first step towards indexing
is to perform a reverse search in the thesaurus. Given these visual features, we can extract a set of
possible keywords, which become indexing terms candidates. Of course, in many situations, this will not
be sufficient, as it could return too many keywords. Additional help may be considered, however, either
to refine this candidates list, or to find other candidates. For example, we have, as session knowledge,
a set of queries associated with retrieved images : we can perform co-occurrence analysis between the
retrieved candidates and the keywords used in queries, in order to refine the candidates list. Any other
specialized modules and their associated data structures may help. Some of them have been implemented
as “agents” [Sim96]. [MD97] describes how agents can be organized to solve a particular task. In our
field, one could imagine:

e a concept expert: we already mentioned the benefits of a “concept hierarchy” (section 3.3) to help
building a path from an abstract concept to concrete words;

e a full text indexing expert. it implements full text analysis methods, in order to extract information
(i.e. relevant keyword) from any textual data that comes with the image;

e a co-occurrence expert: given a keyword k, this module gives a list of keywords that are often
associated with %k in the database;

e a corpus expert: it keeps track of different type of paintings: “portraits”, “scenes”, “landscapes”,
and associates general features to them. This kind of information could facilitate the image analysis
process;

e a art history expert: given a painter name, and the date of the painting, this expert could derive
some “general plausible painting characteristics”, or a list of painters that have the same painting
techniques, etc...

e any other specialized module, whose task is to identify any feature in images;

In a first step, agents try to generate a list of possible new keywords. Agents dealing with text could
isolate “interesting” words in it; agents analysing the visual content of an image could extract keywords
from the numerical content of images, using the thesaurus, etc... Given this list of keywords, agents try
to cooperate in order to give a score to each keyword, depending on the task. Finally, keywords that
are most likely to suit the current context are chosen as candidates. Of course, it remains the user’s
responsibility to determine whether the choice of a keyword as an indexing term is correct or not.

3.5.2 Thesaurus completion

If the user is satisfied with the answer of the system, we want to take advantage of the session. As the
session record may contain non-indexed images, what we want to do, is to ask the user to show the system
which part of images could be annotated with the keywords used in the query. This is a way to enrich
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the thesaurus with new keywords’ realizations. The user selects a keyword, and draws a corresponding
zone on the image (see figure 8). The system then computes a set of visual features on this image clip,
and stores all that information in the thesaurus.

In spite of the fact that this task is mainly a manual one, we could try to extract those “interesting
zones” automatically, using zone homogeneity criterion, or computing some “key points”. This approach
has not been experimented yet.
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Figure 8: Realization creation frame

4 Experimentation

4.1 Experiments’ goals

Adapting the retrieval strategy. — We are primarily concerned with an Image Retrieval System
design. An adapted retrieval strategy has to be outlined, so that text querying and internal visual
features use can be exploited simultaneously. We presented above our proposal, and experiments now
have to be conducted to verify the feasibility of this approach. The retrieval performance will highly
depend on the corpus, so we will try to conduct our experiments on different corpuses.

Selecting image features. — We need to select some image analysis techniques: among several
different visual indices, and different corpuses, we have to choose a set of features that:

o Are close to human perception, so that users’ judgements can be easily taken into account [PM95].
System’s similarity shall be close to the user’s one;

e Fuacilitate the matching process, to allow fast and accurate comparisons.

e Are adapted to the corpus. Different corpuses may demand different features: each corpus has its
own strategy dealing with visual indices use;

After this selection task, and given a global retrieval strategy, a bunch of questions arises, that our
experiments shall help solving. For example, when and under which conditions shall we exploit visual
features 7 How visual indices could cooperate to develop a real synergy 7

4.2 First results in image analysis

As a first set of indices, we chose basic texture and color features. We are planning to add some shape
features. To characterize images in terms of visual, we divide each image into small 32x32 squares, called
“image tiles”. Every tile is then analyzed in order to compute the features we describe below.

IRSG98 12



Al LaAdds Y it/ AL A A a s el eaafs YLy st saaaet ity A Al s

4.2.1 Texture features

We compute Haralick’s features [HSD73], which have the properties mentioned above. The algorithm’s
complexity depends on the size of the analyzed region, and on the number of different gray-levels it con-
tains. We compute: angular second moment, contrast, correlation, variance, inverse differential moments,
averages sum, variances sum, entropies sum, entropy, variance difference, entropy difference; measures of
correlation. Each feature is computed at four different orientations. Our experiments have shown that
those indices are not sufficient to provide a satisfying image analysis. Thus, we have to find additional
features.

We also compute a vector of nine local invariant photometric features. These are a simplified version
of indices used in [SM95] [Kv87, Ter94], as they do not consider different scales. This feature vector is
computed on key points, determined from the Laplacian of the Gaussian, applying an Hessian thresholding
method on each point in a given neighborhood [Tab94]. The set of point we obtain are often corner points.
Such features are not helpful for the retrieval process itself, but rather for texture classification.

These two features could however be used for image tile characterization, as the size of a tile is rather
“small”. Haralick’s feature could characterize texture, provided the image tile is homogeneous enough,
whereas key points could locate “corner points” for more complex tiles.

4.2.2  Color features

To compute color distribution in the image, we chose the L*u*v* color space, as it is perceptually
uniform: in this space, the just noticeable difference (JND) between two colors is defined to be equal
to one, according to the Euclidean distance. It’s therefore easy to find similar colors. We applied a
coarse color quantization. At this point, our goal is to compute the color homogeneity of a region. A
simple color histogram is computed for each image tile, and similar tiles are clustered in regions. Our
experiments showed that this color distribution, though very rough (we use a fixed grid), is sufficient to
produce a very coarse image segmentation that could give a sketch of the general image color layout.
Color histogram are also used as a visual feature for realizations, in order to keep a more accurate idea
of the colors present in the image clip on which the realization was based.

4.2.8  Shape features

We are planning to implement features described in [ALO95], i.e. compacity, region moments, boarders
eccentricity and region convexity. We are facing the problem of shape extraction: the shape we want
to characterize should be relevant to the user. Therefore we can’t rely on image analysis techniques,
that would probably not give a correct answer: we shall ask the user to outline regions of interest. This
however complicates the indexing process, and it is not sure that an object can be actually represented
by shape characteristics, as the object itself might not be “extractable” from complex scenes.

4.3 Software development

We developed a Content-based Image Retriceval System prototype. In the current version, it allows keyword
querying, thesaurus browsing, and realizations creation. Users can specify search conditions, and build
their queries using a thesaurus that contains about 6000 words of general interest. Queries are submitted
to the search engine, that currently handles keyword-based queries. It manages user sessions, query
refinements and actual search in the database. It is written in C+4 language. Besides query definition,
the man-machine interface provides image display and judgement. This has been written in Java language.

An image analysis library that implements the features we described in this paper has been developed.
It can be easily extended with new modules for additional features computations. It has been written
in C++ language, and it handles color and gray-scales images (“ppm” and “pgm” file formats). This
library is designed to build “visual feature files” that store features to be used by the search engine.

We developed an experimentation platform to test our image analysis library’s algorithms : it allows
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a quick verification of modules performances. It has been written in Java language, just as every man-
machine interface of our prototype. Java modules and C++ modules communicate via Unix sockets.

5 Conclusion and perspectives

We have studied various image analysis techniques, and image representation models. We selected a
first set of visual features that could be used within a content-based image retrieval system. We think,
however, that priority should be given to keywords for querying and indexing. Thus, we have proposed an
extended thesaurus that could associate keywords and visual features. In this system, keyword remains
the preferred “mediator” between the user and the system, but visual features can be taken into account
to allow more precise query definition, or to allow retrieval of non-indexed images.

This close relationship between text and image properties also facilitates the indexing process, that
is considered as a part of the whole information retrieval process. We think that knowledge accumulated
during the search process is a valuable information to facilitate further indexing.

We need to refine this cooperation scheme, and to find additional visual features to implement in our
prototype. This will allow further experimentation. We are also planning to evaluate the robustness of
the approach on other corpuses.
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