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Abstract. This paper deals with the existence of a dependence between
the textual indexation of an image (a set of keywords) and its visual indexation (color and shape features). This experience has been realized on
a corpus of news photos manually indexed by keywords extracted from
a hierarchically structured thesaurus. First, a reference classification of
these photos was constructed from their textual indexation (regarded
as relevant), then textual and visual features characterizing these classeswere constructed. Finally, they were used to evaluate performances of a
content-based image retrieval combining textual and visual descriptions.
Results of the visuo-textual classification show an improvement of 54%
against classification using only textual information.
Keywords Information retrieval, content-based image retrieval(CBIR),
visuo-textual fusion, vectorial model
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Introduction

Within the research field of multimodal image indexing, visual modality is dominant, and despite the rich semantic of textual modality, it is largely ignored in
combination with the visual one. Information retrieval systems based on textual
modality are now very efficient [1]. The simple and common vectorial system
given by Salton [15] has demonstrated its robustness. But this system requires
the construction of an index (or a thesaurus) which is mostly carried out by
documentalists who manually assign a limited number of keywords describing
the image content.
On the other side, existing image engines allow users to search for images via
a keywords interface or via query by image example [5], [6], [2], [13], [9], [12].
Most of them are based on visual similarity measures between an image reference
and a test one. Nevertheless, most of WWW image engines allow the user to
form a query only in term of keywords. To build the image index, keywords are
extracted heuristically from HTML documents containing each image, and/or
from the URL image. But giving too many keywords, for a precise query, the
user may give information that narrows the scope of possible result images. Here

again, the query must contain only a few amount of keywords in order to get
few answers.
Unfortunately it is difficult to include visual cues within a WWW navigator framework. Therefore, it could be interesting to use a second filter stage,
adding visual cues which have been put in correspondance with a given textual
thesaurus, in order to refine the query.
In this paper we demonstrate such a system that combines textual and visual
statistics in a single stochastic fusion for content-based image retrieval(CBIR).
By truly unifying textual and visual statistics, one would expect to get better results than either used separately. Textual statistics are captured in vector form,
used first in an Ascendant Hierarchical Classification (AHC) resulting in few
semantic classes. Visual statistics are then drawn inside these classes, based on
color and orientation histograms. The last stage consists in a fusion approach,
taking advantage of coupling between the textual content of the document and
its image content. Search performance experiments are reported for a database
containing 600 images collected by Editing, a press agency, involved in the RNTL
Muse Project [3]. All pictures are manually indexed by keywords from a hierarchical thesaurus and saved in an XML file following the MPEG-7 format [10].
Results of the visuo-textual classification show an improvement of 54% against
a direct classification using textual information alone.

2

Construction of textual semantic reference classes

First, in order to map textual and visual information, we need to get a certain
number of semantic classes containing few image samples. In this purpose textual
statistics are captured in vector form, and we run the Ascendant Hierarchical
Classification (AHC) [8] algorithm described in this section. One can use another
method such as a Hopfield network to build semantic classes [18].
Let D = {d1 , d2 , . . . , dm } a document set and T = {t1 , t2 , . . . , tn } a keyword
set, the vectorial model ([14],[16], [15], [1]) describes the document di as:
di = (ω1,i , ω2,i , . . . , ωj,i , . . . , ωn,i )
where ωj,i is the term-weighting, the best known is tf-idf schemes. In this study,
for each keyword of the thesaurus, a vector element is initialized to 1 if the
keyword belongs to the image, to 0 if not. One thus has ωj,i ∈ {0, 1}. The
hierarchical structure of the thesaurus implies that if an image is indexed by tj
and tj ≺ tk then it is also indexed by tk . Therefore, using the thesaurus, one can
extend the vector di [11] so that ∀j, k ∈ [1, n], ωk,i = 1 if ωj,i = 1 and tj ≺ tk
else 0. The usual similarity mesure in the vectorial model is the cosinus. Let dk
and dl be two images:
Pn
j=1 ωj,k × ωj,l
qP
cos(dk , dl ) = qP
n
n
2 ×
2
ω
j=1 j,k
j=1 ωj,l

where ωj,k and ωj,l ∈ {0, 1}. In this case a simple distance is then defined as:
dist(dk , dl ) = 1 − |cos(dk , dl )|.
Two classes Cp et Cq are merged if the distance D(Cp , Cq ) is small enough. A
first definition for D(Cp , Cq ) can be the distance of the nearest neighbour:
D(Cp , Cq ) = min{dist(i, j); i ∈ Cp , j ∈ Cq }
but results on our database generates too small or too large classes. The distance
of the maximum diameter:
D(Cp , Cq ) = max{dist(i, j); i ∈ Cp , j ∈ Cq }
gives uniform classes, but without semantic homogeneity. A third usual distance,
the average distance:
D(Cp , Cq ) =

P

i,j {dist(i, j); i

∈ C p , j ∈ Cq }

Card(Cp ) × Card(Cq )

mainly gives same results as the first one. We then defined another one, thresholding the maximum diameter method by an empiric value (0.7).
The continuing criterion T in the final algorithm of the AHC (see below) is
defined in order to assure semantic homogeneity within one class and enough
image samples: classes are merged until the last distance obtained is higher than
0.55.
Ascendant Hierarchical Classification (AHC)
program AHC
input
E: the set of n elements to classify
Dist: the array n*n of distances between elements
ouput
C: a set of semantic classes
begin
For each element e in E
Add Classe(e) in C
end For
While T do
Merge the 2 nearest classes
end while
end.
Finally, after removing classes having less than 8 samples, we obtain 24 a
priori classes (some are given in table 1), for a total of 517 images.

Classe
T f1
T f2
T f3
1
Mexique
Politique
Portrait
2
Israël
Judaı̈sme
Patrimoine
3
Constructeurs
Transport
Automobile
4 Contemporaine
Portrait
Rhône
5
Portrait
Armée de l’air
Aéronautique
6
Société
Famille
Enfant
7
Cameroun
Agriculture Géographie physique
8
Municipalité
Portrait
Les Verts
9
Elevages
Santé
Police national
10
Portrait
Média
Administrations
Table 1. List of the more frequent terms of 10 classes
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Methods

All the features (textual or visual) are vectors of various length described in the
following sections. They will be compared after normalisation to the features of
the reference set, according to the Kullback-Leibler distance1 .
Each of the semantic class is randomly divided in two partitions: a reference
set BEx and a test set BT est . As described later on, the reference set will be
used to calculate the most probable textual, visual or visuo-textual class of any
image of the test set. Automatic scoring of each classification method will be
easely calculated according to the a priori semantic class of each image.
Let dT be an image of the test set BT est and dE be an image of the reference
set BEx . In the following sections, Sx refers to segments set of image dx and F
refers to the set of the Fj textual or visual features.
3.1

Text-only classification

Each class Ck of BEx is represented by an average textual vector Ckt ∗ , which is
the average of the textual vector of each images that it contains. Then the class
of an image dT described by some normalized textual vector dtT ∗ , is calculated
as:
C t (dT ) = argmink∈{1,2,...,c} DKL(dtT ∗ , Ckt ∗ ).
3.2

Visual-only classification: early fusion of visual features

We generate visual feature for each segment of x. Therefore, for a given visual
feature Fj , each image x has card(Sx ), and so, for an image dT and for an image
dE , there exist card(ST ) × card(SE ) distances.
1

The relativePentropy of Kullback-Leibler between two distributions d and g is:
d(y)
. Then the Kullback-Leibler distance is DKL(d, g) =
KL(d, g) = y∈χ d(y) log g(y)
KL(d, g) + KL(g, d)

If one considers only the L ∈ [1, min(card(ST ), card(SE ))] first areas, there
exist L × L distances between possible areas of the image. In order to reduce the
complexity of the system, we will define a distance between the visual features of
two images which takes into account the best score among the smallest number
calculation.
Let moyminK be the function:
moyminK : {α1 , α2 , . . . , αM } → (αmin1 + αmin2 + . . . + αminK )/K.
To calculate the visual distance between an image dT of BT est and an image
dE of BEx , we calculate the L2 possible distances and we calculate the average
of the N smallest values (N ∈ [1, L2 ]). We obtain for each image the distance:
γFj (dT , dE ) = moyminN ({DKLFj (Sa , Sb ); ∀Sa , Sb ∈ L}).
Now, if one considers the distances between an image dT of BT est , and all images contained in a class Ck of Bex , one can calculate the final distance between
dT and Ck averaging only the I first minimal distances. Then we have:
δFj (dT , Ck ) = moyminI ({γFj (dT , dEk ); ∀dEk ∈ Ck })
where dEk is an element of the class Ck of the base of examples and I ∈
[1, card(Ck )] is the number of minimal values taken among the card(Ck ) distances. Again the class of dT considering feature Fj is given by:
CFv j (dT ) = argmink∈{1,2,...,c} δFj (dT , Ck ).
This method allows to reject too large distances which would penalize the system,
and to keep the best distances which increase the probability of being in the good
class.
3.3

Combining visual and textual classifications

We now merge the textual and visual indices in order to improve the results
obtained with textual classification. The main fusion strategies are early and
late fusion. The first one is usual in CBIR [18], the second allows more freedom
for adaptive weighting in a stochastical framework [7]. We choose the second one
in this study.
For each image dT and each class Ck , one calculates the textual distance
DKL(dT ∗ , Ck ∗ ) as explained in section ??. Then, it is normalized and we estimate the probability of membership with the class Ck as :
DKL(dT ∗ , Ck ∗ )
.
PdtT (Ck ) = 1 − P
∗
∗
k DKL(dT , Ck )

We use the same formula for each visual feature Fj :

δF (dT , Ck )
PdvT (Ck |Fj ) = 1 − P j
.
k δFj (dT , Ck )

Therefore, the combination of the posteriors is given by:
card(F )

Pdv∨t
(Ck ) =
T

X

PdvT (Ck |Fj ) × ω 0 (Fj ) + PdtT (Ck ) × ω 0 (F0 )

j=1

ω(F )
where ω 0 (Fj ) = Pcard(Fj)
i=0

p

ω(Fi )p

1−T E(j)
and ω(Fj ) = Pc ard(F
and T E(j) is
)
1−T E(i)
i=0

the ER given by Fj . The parameter p increases contrast. The final class is given
by:
(Ck ).
C v∨t (dt ) = argmaxk∈{1,2,...,c} Pdv∨t
T
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4.1

Experiments
Corpus

The first corpus is a database containing 600 images collected by Editing, a
press agency, involved in the RNTL Muse Project [3]. All pictures are indexed
by keywords from a thesaurus and saved in an XML file following the MPEG-7
format[10]. The hierarchical Thesaurus is composed of 1200 keywords with an
average depth of 3. See below an example of an XML file including “Telephone”
and “Radio”(simplified MPEG7 schema).
<?xml version="1.0" encoding="UTF-8"?>
<mpeg7:Mpeg7 xmlns:xsi="http://www.w3.org/1999/XMLSchema-instance"
xmlns:mpeg7="http://www.mpeg7.org/2001/MPEG-7_Schema">
<mpeg7:DescriptionMetadata>
<mpeg7:LastUpdate>2002-10-2</mpeg7:LastUpdate>
<mpeg7:PrivateIdentifier>BAR9501001C-1</mpeg7:PrivateIdentifier>
<mpeg7:CreationTime>2002-10-2</mpeg7:CreationTime>
</mpeg7:DescriptionMetadata>
<mpeg7:ContentDescription xsi:type="ContentEntityType">
<mpeg7:Creation>
<mpeg7:Title>Developpement of mobile</mpeg7:Title>
<mpeg7:KeywordAnnotation>
<mpeg7:Keyword>Telephone</mpeg7:Keyword>
<mpeg7:Keyword>Radio</mpeg7:Keyword>
</mpeg7:KeywordAnnotation>
</mpeg7:Creation>
</mpeg7:ContentDescription>
<mpeg7:ContentDescription xsi:type="ViewDescriptionType">
<mpeg7:Image>
<mpeg7:MediaUri>BAR9501001C-1.jpg</mpeg7:MediaUri>
</mpeg7:Image>
</mpeg7:ContentDescription>
</mpeg7:Mpeg7>
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Fig. 1. The five visual features for one image
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We chose to use the simplest visual features as possible. Therefore we use colors (red(F1 ), blue(F2 ) and green(F3 )), brightness(F4 ) and direction histograms(F5 )2 .
After normalisation, these histograms are taken as visual vectors.
In order to deal with image scale variations we extracted the visual features
from the original image (called “global level”), and from four local regions. The
adopted segmentation approach, proposed in [17], performs an unsupervised and
fast segmentation based on the Canny edge detection[4]. The local Regions Of
Interest (ROI) of four different orders are automatically extracted from the global
image as follow. After calculation of the edge matrice of the global image, the ROI
of first order is extracted from the rectangle window of fixed size which contains
the maximum number of edges. Then the ROI of second order is extracted
using the edge matrice where edges corresponding to the first ROI have been
removed. Other ROIs of third and fourth orders are processed iteratively. For
this experiment we fixed the surface of each ROI as equal to 25%3 of the surface
of the global image. The extraction of the two first ROI is illustrated in figure 2.
A first experiment consists in classifying the test set using DKL criterion.
Then this estimated classification will be easily compared to the a priori class
obtained by AHC.
We then run two textual experiments: the first consists in extending the
textual vector using the thesaurus as explained in section 2, the second in using
directly the textual without any extension.
Table 2 gives the Error Rate (ER) obtained in the two cases. We notice that
Textual
Textual
with thesaurus without thesaurus
1.17
13.72
Table 2. Classification Error Rate in %, with or without thesaurus extension

when the vectors are extended by the thesaurus, the error rate is very low. On
the contrary, we see that vectors without the information from the thesaurus
produces nearly 14% ER. Aiming to use our system in the case of reduced
textual information as described previously, we won’t extend textual vectors
by the thesaurus in the following section.
4.2

Definitions of global and local visual features

4.3

Visual classification

Let DKLFj (rt , re ) be the distance for the visual features Fj between the ROI rt
of image dT of the test set and the ROI re of image dE of the reference set. We
2
3

Details on the direction feature can be found in Tollari’s master[17].
This amount is dicussed in section 5.

start by calculating the distance between the areas of interests of equal order.
Table 3 shows the results. One notices that, in general, the distances on the
global indices are better, except for the direction where the first order ROI gives
better results. Indeed, area 1 contains more edges, it is thus the most significant.
For the green feature, the good result obtained for ROI 2 is explained by an
artifact from the data (one class contains more green than the others). However,
our assumption supposing that the most descriptive local areas are those which
contain the most edges is confirmed, because areas 1 and 2 have the weakest
error rates.
DKL(r1, r1) DKL(r2, r2) DKL(r3, r3) DKL(r4, r4) DKL(g, g)
ER Red
81.17
79.21
81.17
82.35
73.33
ER Green
83.13
78.03
86.66
80.78
78.43
ER Blue
82.35
80.39
83.92
84.70
74.50
ER Brightness
80.39
81.17
81.56
83.52
76.40
ER Direction
79.60
81.56
80.00
84.31
85.49
Table 3. Error rates (ER in %) between the areas of interests of equal order

4.4

Results of early fusion of visual features

Tables 4, 5 and 6 give the error rates obtained by early fusion while varying the
parameters N , I and L.
Results in table 4 give the influence of parameter N for the values of I and
L giving best results. It is noticed that parameter N has little influence for the
Red, Blue, Green, and Brightness features. On the other hand, for the direction,
one observes a real improvement of the ER when one takes large N . Results
in table 5 show that it is better to check if the test image is similar to several
images of the same class rather than to only one. Lastly, in table 6, one notices
that first order ROI alone (L = 1) is not sufficient and that fourth order ROI
brings only littleinformation as expected, because ER for L = 4 is worse than
for L = 3.
N
1
2
3
4
5
6
7
8
ER Red
71.76 72.54 72.54 73.72 76.47 77.64 77.64 76.07
ER Green
76.07 77.64 77.64 76.86 76.86 76.47 78.82 78.82
ER Blue
77.64 77.25 79.60 80,00 79.60 81.56 81.96 81.96
ER Brightness 77.64 79.21 77.64 77.64 79.21 79.21 78.82 78.03
ER Direction 83.52 80.39 80.39 80,00 79.21 78.82 78.43 76.86
Table 4. Influence of the parameter N on the Error Rates (ER in %) (I = 4, L = 5)

I
1
2
3
4
ER Red
75.68 74.50 71.76 71.76
ER Green
79.60 78.03 76.86 76.07
ER Blue
78.03 77.64 78.03 77.25
ER Brightness 79.21 78.03 76.07 77.64
ER Direction 84.70 78.03 76.86 76.86
Table 5. Influence of the parameter I on the Error Rates (ER in %) (L = 5)

L
1
2
3
4
4+g
Dimension L2
1
4
9
16
25
ER Red
81.17 78.82 76.07 76.07 71.76
ER Green
83.13 78.82 75.68 79.60 76.07
ER Blue
82.35 80.00 79.60 81.56 77.25
ER Brightness 80.39 79.60 78.03 77.64 77.64
ER Direction 79.60 78.03 76.07 76.47 76.86
Table 6. Influence of the parameter L on the Error Rates (ER in %) (I = 4)

It is also noticed that, for L = 5 (4+g), the global indices make a clear
improvement of the ER, except in the case of the direction feature, which was
foreseeable. If one compares these results with those of table 3, one notices an
ER decrease of 5% to 10% using the local indices, and an improvement of 2%
on the global ones. Moreover, the early fusion reduces the time computation.
Figure 3 describes the results obtained for the fusion of textual classification
without thesaurus (E.R. 13.72%) and several visual classifications. The first result (T+Vis[Local]) is obtained using only best classifications of early fusion of
the ROI (L ∈ [1, 4]) only. The second (T+Vis[Global]) considers only classifications on the global indices. The third (T+Vis[Local+Global]) uses the best
parameters of early fusion of the local and global indices (L ∈ [1, 5]). The last
(T+Vis[Dir+Global]) takes into account the global features for the red, green,
blue and brightness features, and the local direction calculated by DKL(r1,r1).
On this figure, one notices that our simple ROI fonction generally improves classification compared Global for the same p. Naturally, all methods converge to
the textual ER(p > 8). Table 7 summarizes rising of textual classification by the
visual classification.

Textual
Fusion
Gain
without thesaurus visuo-textual
13.72
6.27
+54.3
Table 7. Result of the late fusion of visual and textual classification in %
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Fig. 3. Error Rate of the different systems for various p factor : text only and combining
of textual with various visual contents (see text for details).
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Discussion and Conclusion

Our corpus being only of 600 images, our method must be tested on a basis
of more significant data in order to refine the results. Other visual attributes
as texture or shape could be used. Many criteria and parameters remain to be
studied to improve visual description, as the influence of the size and the shape
of the areas of interest. The number of pixels of each local image is a parameter
which could be optimized. In this first use, it is fixed a priori at 1/4 of the
number of pixel of the global image. It would be interesting to compare the
performances of the system by taking more reduced or focused local images, of
about 1/16 of the number of pixels of the global image. Indeed, the more focused
on the relevant areas of the image the visual features are, thus the more precise
the classification should be.
Moreover the description of certain images by local area of interest can be
more beneficial for certain types of images than for others. An automatic method
determining if an image is of this type or not, would increase the performance of
the system. A possible extension to this study would thus consist on the adaptive
calculation of the size of the local images according to a measurement of the edge
density on the image or an entropic criterion. Indeed, the more we expect an
image to contain information, the more numerous but of reduced size the local
images can be.

Fig. 4. The system is expected to be an efficient filter for image search results.

We presented a simple system to unify textual and visual informations. We
showed that visual information reduces the errors of textual information without
thesaurus of about 50%, which is very promising because of the simplicity of the
method. Our system can be added like a fast visual filter (see figure 4) on the
result of a request of images on a search engine (such as Google), requested with
a small number of keywords, and thus without the use of thesaurus (otherwise
no image is found by the search engine).
We could reverse the experiment by considering the textual indices compared
to visual classes. This method would make it possible to correct a bad textual
indexing using the visual content. For example, if a statistical plot image of
the working population was labelled automatically by ‘woman’ and ‘worker’, a
comparison with visual classes representing ‘woman’ would highlight the indexation error. Therefore, it could automatically remove the word ‘woman’ from the
keyword set of this image.
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étendu de recherche d’informations adapté aux images. Actes du XXème Congrès
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