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ABSTRACT
Using as experimental platform an image retrieval method
based on a spatio-conceptual representation of images, in
this paper we investigate two main concerns on annotation-
based image retrieval: label weighting and data fusion. On
the one hand, we analyze the influence of different weighting
schemes on the quality of the retrieval performance, and, on
the other hand, we study the application of fusion techniques
for queries represented by more than one sample image. Par-
ticularly, we aim to compare fusion methods based on score
information and on ranking information in order to deter-
mine the most adequate approach for the annotation-based
image retrieval task.

Categories and Subject Descriptors
H.3.3 [Information Storage and Retrieval]: Information
Search and Retrieval—query formulation, search process

General Terms
Algorithms, Experimentation

Keywords
Content-based image retrieval, data fusion, term weighting,
spatial relations, conceptual graphs

1. INTRODUCTION
Image retrieval is traditionally performed in two main

ways [4]: from a set of sample images, or from a textual
query. We are particularly interested in the retrieval based
on sample images, which is frequently regarded as content-
based image retrieval (CBIR). A variation of this approach,
known as annotation-based image retrieval (ABIR), consists
of using low-level image features to identify objects in the
images and associate labels to them. The main problem of
using low-level features is that they fail at distinguishing be-
tween two visually similar (but actually different) concepts,
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a problem known as the “semantic gap”. In order to tackle
this problem, some recent methods have considered the use
of high-level features such as spatial relations [2, 10].

Regarding the use of spatial information in image retrieval,
in a previous work [5] we proposed a method that employs
conceptual graphs to represent the objects appearing in the
images as well as their spatial relations. The achieved results
were encouraging; they showed that the inclusion of spa-
tial information allows to improve the retrieval performance.
Motivated by these results, in this paper we attempt to go a
step forward by analyzing the influence of different weight-
ing schemes on the quality of the retrieval performance. We
mainly compare three traditional weighting schemes against
a new one specially suited for ABIR, which is based on the
idea that common labels (those co-occurring with other sev-
eral labels) tend to be less important than specific ones (co-
occurring with only a small subset of the labels), without
mattering their frequency of occurrence in the entire image
collection.

In addition, we study the application of fusion techniques
for queries represented by more than one sample image. Fu-
sion methods are based on two elements from the items re-
trieved: rankings and scores. Round robin, SUM, comb-
SUM, combMNZ and Condorcet use rankings [8, 12]; while
retrieval status value (RSV) and fuzzy Borda count use
scores [6, 9]. Particularly, we aim to compare two differ-
ent fusion methods, one based on scores [8] and other based
on rankings [6]. Our main interest is to investigate which
one of these approaches is the most adequate for the ABIR
task.

The rest of the paper is organized as follows. Sections 2
and 3 describe the core image retrieval method based on
the use of spatial information. Section 4 presents the ex-
perimental platform, indicating how data fusion was carried
out and describing the used weighting schemes. Section 5
presents the experimental results. Section 6 shows our con-
clusions, and Section 7 presents our future work.

2. IMAGE REPRESENTATION
The representation of images is based on spatial relations

and conceptual graphs (CGs) [11]. On the one hand, spatial
relations were divided into three groups, namely: topologi-
cal relations, horizontal relations, and vertical relations (re-
fer to Table 1). Whereas, on the other hand, CGs are used
to express the spatial relations among labels (objects) from
an image. CGs are finite, connected, and bipartite graphs
formed of two types of nodes: concepts (in our case labels)
and relations (in our case spatial relations). Figure 1 shows



Table 1: Spatial relations used in this work.
Directed Undirected

Topological 1 Adjacent
2 Disjoint

Horizontal 3 Beside (left or right)
4 H. aligned

Order 5 Above
Vertical 6 Below

7 V. aligned

an example of how the images in the database [3] are seg-
mented and annotated, and how the spatial relations in the
images can be represented by means of CGs. In accordance
with Table 1, all of the relations are undirected except for
the vertical relations above and below.

3. IMAGE RETRIEVAL
The similarity between a pair of images is measured using

two different similarity measures: conceptual similarity (Sc)
and relational similarity (Sr). Sc measures how similar two
graphs are by counting how many concepts (labels) they
have in common, while Sr measures how similar the relations
among the concepts in common are. The equations for both
of them are:

Sc =
2n(Gc)

n(G1) + n(G2)
(1)

Sr =
2m(GTc) + 2m(GHc) + 2m(GV c)

3mGc(G1) + 3mGc(G2)
(2)

The similarity between two images is measured by S, which
considers both Sc and Sr, giving each a weight depending
on a constant α, which is shown in the following equation:

S =
αSc + (1− α)Sr

2
(3)

For two images to be compared, they have to be prepro-
cessed by segmenting and annotating them. After this pro-
cess is done, spatial relations are computed in order to build
their CGs. Once we have the CG for both images, they can
be compared based on Equation 3. Finally, by repeating
this process, one image can be compared against the whole
image database, and, therefore, it is possible to determine a
ranked list of similar images. More details on the retrieval
method and how to obtain the CGs can be found in [5].

4. EXPERIMENTAL SETUP

4.1 Database and Topics
The image database used for our experiments is the man-

ually segmented and annotated IAPR-TC12 [3], consisting
of 20,000 images of sports events, people, animals, cities
and landscapes. It was chosen because it provides a reli-
able dataset that allows focusing more on image retrieval,
than on the effects of the automatic segmentation and an-
notation. However, it must be highlighted that our method
is applicable to automatic segmentation and annotation as
well. Figure 2 shows some of the images from the IAPR-
TC12.

For an objective evaluation of our method, we considered
the 39 topics developed for the ImageCLEF 2008 photo re-
trieval task [1]. These topics are classified as visual (20 top-

Figure 1: Top-left: One of the images in the IAPR-
TC12. Top-right: The same image, segmented and
annotated. Bottom: Conceptual graph indicating
the spatial relations in the image. Topological re-
lations are shown with filled nodes, horizontal rela-
tions appear with double-lined border, and vertical
relations appear with single-lined border.

Figure 2: Sample images from the IAPR-TC12.



ics) and non-visual (19 topics), and are expressed by means
of a textual description and three example images. Given
that the proposed method is exclusively based on visual in-
formation we only considered for the experiments the subset
of visual topics with their corresponding three sample im-
ages.

4.2 Label Weighting
We considered three traditional weighting schemes for the

experiments:

• Equal weights: wi = 1. It gives an equal weight to
each label.

• Frequency-based weight: wi = 1
|{I:li∈I}| . A simple

schema, where |{I : li ∈ I}| is the total number of
images where label li appeared.

• TFIDFij = TFij × IDFi [7]. It is the traditional
TFIDF measure, where TFij =

nij

Nj
(the occurrences

of label li in image Ij divided by the number of labels

in Ij), and IDFi = log |D|
{I:li∈I} (the number of images

in the collection is divided by the number of images
containing label li).

In addition, we proposed and applied a modified version
of the TFIDF weighting scheme, which is defined as follows:

MTFIDFij = TFij ×MIDFi (4)

In this case, TFij is the same as in TFIDFij , and MIDFi

is defined as:

MIDFi = log
|D|∑

{I:li∈I}×N
(5)

This is a modified version of IDFi, where the number of
images in the database (|D|) is divided by the sum of the
number of labels in each image (N) where label li appeared
({I : li ∈ I}). The idea of this new weighting scheme is that
labels co-occurring with many other labels are less important
than those appearing with only a few labels.

4.3 Fusion Scheme
As we mentioned in Section 1, there are situations in

which there is more than one sample image available per
topic (for instance, in the ImageCLEF evaluation forum [1]).
To take advantage of all this information, we considered the
fusion of the ranked lists obtained per sample image (using
the same retrieval method). The fusion process was carried
out as follows: first, independent retrieval processes were
performed using the IR method described in Section 3, ob-
taining the result lists L1, L2 and L3 (one for each sample
image). Then, we fused the three resulting lists, obtaining
a new list Lf . After this, the 1,000 more similar images
were kept and presented as the final result. This process is
illustrated in Figure 3. In particular, in the experiments
we compared two data fusion methods: SUM1, which is a
method based on rankings, and fuzzy Borda count2, which
is a method based on scores.

91Although combMNZ is considered the baseline method in
fusion tasks, in preliminary experiments we compared SUM and
combMNZ, with a better performance from SUM, which is why
we chose it.

92Fuzzy Borda count is chosen, since it claims to outperform
combMNZ in several tasks it has been used for.

Figure 3: Block diagram of the list fusion method.

5. EXPERIMENTAL RESULTS

5.1 Importance of Label Weighting
This section presents the results of the comparison of the

weighting schemes presented in 4.2. We used the SUM fu-
sion method to perform the experiments, varying α in Equa-
tion 3 from 0 to 1, with increments of 0.1. We evaluated
the retrieval performance using the MAP measure, and con-
sidered the application of equal weights to all of the labels
as the baseline. Figure 4 shows the results of these experi-
ments.

According to these results, it is clear that giving the la-
bels a different weight is more adequate than using the same
weight for all of them. It is also clear that, from the ap-
proaches giving different weights to labels, MTFIDFij is
the one that works better, outperforming the others for ev-
ery value of α. Observing the figure, it was around α = 0.5
where the best results were reached. On the basis of these
results, the next section only shows the comparison of data
fusion methods using the MTFIDFij weighting scheme.

Figure 4: Comparison of the retrieval performance
achieved by four different label weighting schemes.



5.2 Data Fusion: Rankings vs. Scores
The experiments reported in this section focused on the

analysis of the behavior and the comparison of the perfor-
mance of two fusion methods. Particularly, we compared
the SUM method (based on rankings), and the fuzzy Borda
count (based on scores). We intended to analyze which in-
formation, scores or rankings, is more relevant for the task
at hand. We evaluated the retrieval performance based on
the MAP measure, and considered the average of the three
individual runs (using each of the three sample images) as
the baseline. Figure 5 shows the results using MTFIDFij

and varying α in the [0,1] interval.
Results are clear; they show that both fusion methods sig-

nificantly outperformed the results achieved by using sample
images individually. Surprisingly, the simple SUM method
outperformed fuzzy Borda in every case, indicating that the
fusion based on scores performed better than that based on
rankings for this dataset.

Experiments were run on a Centrino 2 computer, with a
dual 2.0 GHz processor and 4 GB in RAM, using MATLAB.
The average time for comparing an image to the 20,000 im-
ages in the database is 25.27 seconds, while the average time
for comparing the three images and fusing their results is
68.49 seconds. It is likely that the average fusion time for
the three images is less than three times the average compar-
ison time of an individual image, given that some operations
are performed only once for the fusion.

6. CONCLUSIONS
In this paper we evaluated label weighting and list fu-

sion using a high-level spatio-conceptual representation of
images. A spatio-conceptual retrieval method was used to
retrieve lists of relevant images. Three different label weight-
ing schemes were experimented in order to determine their
influence on the retrieval performance. Also, two fusion
methods were considered to investigate the usefulness of
score and ranking information in the fusion process. The
achieved results indicated the pertinence of the proposed
weighting scheme (MTFIDFij). They also showed that, for
the used result lists, scores were more useful than rankings.

7. FUTURE WORK
Regarding the data fusion process, as future work we plan

to consider the situation where result lists are obtained from
different retrieval methods, and also to study the relation be-

Figure 5: Rankings (SUM) vs. scores (fuzzy Borda),
measured by MAP and using MTFIDFij.

tween the redundancy among the lists and the performance
of the fusion. In addition, we consider using the label hier-
archy available for the used image database, and combining
this fusion with other text-based methods.
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