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Abstract. Image classification and image clustering are two important
tasks related to image analysis. In this work a two-level hierarchical
model for both tasks using a hierarchical combination of image descrip-
tors is presented. The construction of a latent semantic representation
for images is also presented and its impact on the results of both tasks for
the two-level hierarchical model is evaluated. Experiments have shown
the superior performance attained by the hierarchical combination of
descriptors when compared to the simple concatenation of them or to
the use of single descriptors. The hierarchical combination of a latent
semantic representation has presented results similar to the other hier-
archical combinations, using only a small fraction of the time and space
needed by others, which is interesting specially for those with restrictions
of computer power and/or storage space.
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1 Introduction

Due to the rapid development of computers and networks, the storage and trans-
mission of a large number of images become possible. Thus, nowadays images
are widely used. With the increasing use of systems for image retrieval, there
is a need to provide efficient mechanisms for storage, indexing, and recovery of
this type of media. Content-based image retrieval (CBIR) is regarded as one of
the most effective way of accessing visual data [7]. Most of CBIR systems ana-
lyze image information by using low level features, such as color, texture, shape,
among others, and index each image based on its feature vectors (or descriptors).

The early studies on CBIR have only used a single feature approach. However,
it is hard to attain satisfactory results by using a single feature, since images
contain various visual characteristics. Thus, CBIR systems have started using a
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combination of visual features. In [6], a method based on the integration of color
and texture was proposed yielding on higher retrieval accuracy. In [1], a com-
bination of global and local descriptors through genetic programming was used
to outperform the use of single descriptors. Finally, in [2] a novel coding scheme
by combining global and local descriptors was proposed, which are applied to
improve robustness and to explore the latent structure of the codebook.

In this work, we propose a two-level hierarchical model for image classification
and image clustering using a hierarchical combination of descriptors. Moreover,
we also evaluated the construction of a latent semantic representation and its
impact on both tasks. To the best of our knowledge, there is no other app-
roach in the literature which was designed to solve both tasks at the same time.
Experiments have shown the superior performance attained by the hierarchical
combination of descriptors when compared to a simple concatenation of them or
to the use of single descriptors. The hierarchical combination of semantic rep-
resentations has presented results similar to the other combinations, spending
only a small fraction of the time and space needed by others (which is interesting
when restrictions of computer power and/or storage space exist).

2 Image Representations

Both the effectiveness and the efficiency of an image processing system are depen-
dent on descriptors (or visual features). A feature extraction algorithm can pro-
duce either a single feature vector or a set of feature vectors. In the former case,
a single feature vector must capture the entire information of the visual content
(named global descriptor). In the latter case, a set of feature vectors (or local
descriptors) is associated with the image visual content.

In order to be able to efficiently deal with a large number of local descrip-
tors, an important task is the construction of a visual dictionary, or codebook.
Afterwards, the codebook can be used to create a mid-level image descriptor –
named Bag-of-Words (BoW) – to describe any image using two steps: coding
(i.e., assignment of descriptors to visual words) and pooling (i.e., generation
of an image representation). The BoW is simple to build, however it may suffer
from two issues: polysemy – a single visual word may represent different contents;
and synonymy – several visual words may characterize the same content.

To cope with these problems, the adoption of latent space models have been
proposed to capture co-occurrence information. The analysis of visual word co-
occurrence can be considered using similar approaches. Here, Latent Semantic
Analysis (LSA) [3] model is used for producing a low-rank approximation of
the word-image occurrence matrix. Let A be the occurrence matrix whose rows
correspond to t terms (or visual words) and columns correspond to d documents
(or images). By selecting the k largest singular values (obtained using sigular
value decomposition – SVD), a rank-k approximation of A is given by

A ≈ Ak = UkΣkV
T
k . (1)

The column vectors of Uk and Vk span the concept space of terms and the
concept space of documents, respectively.
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In this work, similar to [4], the traditional approach (used in LSA) of repre-
senting documents through rows of Vk was not used. Instead of that, a semantic
visual vocabulary is generated by finding clusters of the synonym terms in the
term-concept space (Uk). To do that, K-Means clustering is used to divide the
set of t terms into n clusters. Afterwards, each cluster representative can be
seen as a distinct semantic term (i.e., semantic visual word), and they form
a semantic visual vocabulary. Using the nearest neighbor search, each original
term is related to one of the semantic words for generating a semantic map.
And, finally, that semantic map is used to produce a semantic description of
the original document, i.e., entries of synonym terms are merged generating a
new occurrence matrix AS in which rows correspond to n semantic visual words.
Here, a semantic description of each image is obtained by adding the values of
the original BoW vector related to synonym terms.

3 Two-level Hierarchical Model

In this work, we propose a two-level hierarchical model for image classification
and clustering using a hierarchical combination of image descriptors. The model
consists of two distinct levels of index structures: the upper level – called category
level – is responsible for representing the image categories and for pointing to
the index structures belonging to the lower level – named object level – where
the information is actually stored.

Content-based image retrieval systems are based on two main operations:
the construction of the database from a given set of images (and the insertion
of new images) and the retrieval of images for a given query.

3.1 Image Indexing

In the proposed model, each image is described by a pair of descriptors (dc, do),
in which dc is used at the category level – class descriptor – while do is adopted
at the object level – object descriptor. This allows any combination of image
descriptors, even one that consists of two identical image descriptors. The index-
ing process is described in the following.

The process begins with the indexing of the class descriptor of the image
to be indexed at the category level. To do that, a nearest neighbor search at
the category level is made using the image class descriptor. The answer of that
search allows to determine the image category (i.e., where the class descriptor
should be inserted). If no class descriptor has been inserted before, the image
class descriptor is considered the first representative of a group and the first
category should be created. Each time that a new category is created, a new
reference is generated for another index structure at the object level, where the
corresponding object descriptor should be inserted. The criterion used to create
a new class is based on the distance between the new class descriptor and its
nearest neighbor at the category level. If the distance between them is lower than
the threshold r (known as category radius), the image is considered to belong
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to the same class of its nearest neighbor and its object descriptor is inserted in
the same index structure used for storing its nearest neighbor. Otherwise, if the
distance between them is greater than the threshold r, a new category should be
created, and so on. It is worth to mention that the number of groups is directly
related to the value of category radius r (i.e., lesser the value of r, greater the
number of categories generated at the end of the process).

The category level is also responsible for pointing to the index structure where
the object descriptors of all the images belonging to the same group are stored.
So, after indexing the class descriptor of the new image at the category level,
the corresponding object descriptor (together with a pointer to the new image)
should always be inserted into the associated index structure at the object level,
according to the group selected (or created) at the category level. Those steps
are repeated for each new image that has to be inserted in the database, until
the hierarchical structure is fully created.

3.2 Image Retrieval

For a given query image q, a pair of descriptors should be generated (similar to
the indexing procedure). Thus, considering that the query image q is represented
by a pair of descriptors (qc, qo), in which qc is the query class descriptor and qo
is the query object descriptor, the retrieval process is described in the following.

First, a nearest neighbor search is made at the category level using the query
class descriptor qc. The answer to that search indicates the group that may
contain images that are similar to the query, thus given also a reference to the
lower-level index structure. Using that reference, a K-nearest neighbors search,
using the query object descriptor qo, is made in the lower-level index structure;
and, the K-nearest neighbors found are returned as result. One should notice
that the search results are approximate, even if an exact access method is used.

4 Experiments

In this section, we present the results of experiments made to assess the
performance of the proposed hierarchical model. During experiments, the
FGComp20131 dataset was used. It is a 5-domain subset of the ILSVRC2013
(Imagenet Large Scale Visual Recognition Challenge2) and contains 75,533
images (49,052 for training and 28,481 for test). The index structure used at
both levels was the Slim-tree (which is an exact metric access method).

The global descriptor GIST and the mid-level descriptor BoW were used
to describe the visual content. The descriptor BoW (with hard assignment and
sum pooling) was built from local image descriptors Compact Color SIFT –
hereafter called BAG. Most of the works using the GIST descriptor resize the
image in a preliminary stage to a size of 32×32 pixels. After resizing, color GIST

1 https://sites.google.com/site/fgcomp2013/
2 http://www.image-net.org/challenges/LSVRC/2013/

https://sites.google.com/site/fgcomp2013/
http://www.image-net.org/challenges/LSVRC/2013/
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Table 1. Descriptors sets and combinations used in the evaluation procedure.

(a) Descriptors sets

Descriptors Set Based on k # Dimensions

GIST 960 GIST – 960
GIST 05-100 GIST 5 100
GIST 25-100 GIST 25 100
GIST 50-100 GIST 50 100
GIST 100-100 GIST 100 100
BAG 960 BAG – 960
BAG 05-100 BAG 5 100
BAG 25-100 BAG 25 100
BAG 50-100 BAG 50 100
BAG 100-100 BAG 100 100

(b) Tested combinations

Combination Categ.Level Desc. Obj.Level Desc.

GB 960 GIST 960 BAG 960
GG 960 GIST 960 GIST 960
BB 960 BAG 960 BAG 960
BG 960 BAG 960 GIST 960

GB 05-100 GIST 05-100 BAG 05-100
GG 05-100 GIST 05-100 GIST 05-100
BB 05-100 BAG 05-100 BAG 05-100
BG 05-100 BAG 05-100 GIST 05-100

GB 25-100 GIST 25-100 BAG 25-100
GG 25-100 GIST 25-100 GIST 25-100
BB 25-100 BAG 25-100 BAG 25-100
BG 25-100 BAG 25-100 GIST 25-100

GB 50-100 GIST 50-100 BAG 50-100
GG 50-100 GIST 50-100 GIST 50-100
BB 50-100 BAG 50-100 BAG 50-100
BG 50-100 BAG 50-100 GIST 50-100

GB 100-100 GIST 100-100 BAG 100-100
GG 100-100 GIST 100-100 GIST 100-100
BB 100-100 BAG 100-100 BAG 100-100
BG 100-100 BAG 100-100 GIST 100-100

descriptor is calculated for each image using an implementation3 that produces
a 960-dimensional feature vector. For BAG, the visual vocabulary size is also set
to 960. Besides, the image dataset was also described using different semantic
vocabularies: the number of concepts k was set to 5, 25, 50, or 100; and the size
of semantic visual vocabulary n was set to 100. Table 1(a) shows information
about all the sets of descriptors, while Table 1(b) presents the combinations used
in the experiments. In order to refer to all combinations that use GIST at the
category level and BAG at the object level, hereafter we will use GB (similarly,
GG, BB, and BG will be used for other combinations).

Both tasks (image classification and clustering) are evaluated in our experi-
ments. For image classification, a 5-nearest neighbor (5-NN) classifier was evalu-
ated with different radius values. We also implement three others 5-NN classifiers
based on the retrieval results of a single Slim-tree, so called: ST, STB and STG.
The former, ST, was constructed using an extended descriptor obtained from
the concatenation of GIST 960 and BAG 960, while the others, STB and STG,
were constructed using only BAG 960 and GIST 960, respectively. The F-Score
(i.e., an harmonic mean of precision and recall) was used to assess the image
classification results. For evaluating image clustering, we adopt pair counting
(or concordance) approach [5], which allows us to compute F-Score. Finally, we
have also applied a K-Means clustering algorithm in order to compare to the
clustering results obtained by the proposed hierarchical model. In this case, we
set the number of clusters to the same number of groups generated during the
construction of the corresponding two-level hierarchical structure and used the
same descriptor adopted at category level.

Table 2 presents the number of clusters and F-Score values for image classi-
fication and image clustering – both using the two-level hierarchical model; and
the F-Score values obtained by K-Means clustering algorithm The results are

3 http://lear.inrialpes.fr/software

http://lear.inrialpes.fr/software
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Table 2. F-Score values for image classification and image clustering experiments.

(a) GIST

Cat.
Rad.

#
Clust.

GB GG KM
with
GIST

Class. Clust. Class. Clust.
GB 960 GG 960

1.00 41651 0.886 0.000 0.886 0.000 0.000
1.30 17176 0.860 0.006 0.863 0.006 0.001
1.50 5813 0.836 0.040 0.847 0.040 0.002
1.65 2529 0.818 0.067 0.834 0.067 0.004
1.85 978 0.793 0.266 0.843 0.266 0.007
2.05 406 0.779 0.563 0.859 0.563 0.015
2.25 198 0.859 0.600 0.870 0.600 0.027
2.50 82 0.761 0.553 0.883 0.553 0.061
2.65 45 0.760 0.526 0.885 0.526 0.101
2.80 24 0.759 0.526 0.887 0.526 0.176
2.90 21 0.759 0.522 0.885 0.522 0.202
3.00 16 0.759 0.522 0.886 0.522 0.238
3.10 10 0.760 0.521 0.887 0.521 0.298
3.20 8 0.760 0.521 0.887 0.521 0.335

GB 05-100 GG 05-100

1.00 48250 0.811 0.000 0.811 0.000 0.000
2.25 7176 0.788 0.010 0.778 0.010 0.001
3.00 1274 0.781 0.075 0.777 0.075 0.004
4.65 99 0.787 0.559 0.812 0.559 0.045
5.65 35 0.780 0.586 0.825 0.586 0.111

GB 25-100 GG 25-100

1.00 48626 0.868 0.000 0.868 0.000 0.000
2.25 36373 0.862 0.000 0.862 0.000 0.000
3.00 8666 0.827 0.007 0.823 0.007 0.001
4.65 167 0.805 0.286 0.826 0.286 0.028
5.65 36 0.791 0.527 0.851 0.303 0.121

GB 50-100 GG 50-100

1.00 48630 0.860 0.000 0.860 0.000 0.000
2.25 37447 0.859 0.000 0.859 0.000 0.000
3.00 9465 0.826 0.007 0.824 0.007 0.001
4.65 172 0.796 0.231 0.827 0.231 0.027
5.65 32 0.789 0.527 0.848 0.527 0.128

GB 100-100 GG 100-100

1.00 48628 0.855 0.000 0.855 0.000 0.000
2.25 36285 0.852 0.000 0.853 0.000 0.000
3.00 8304 0.815 0.005 0.814 0.005 0.001
4.65 147 0.786 0.192 0.822 0.192 0.031
5.65 27 0.785 0.505 0.841 0.505 0.144

(b) BAG

Cat.
Rad.

(×103)

#
Clust.

BB BG KM
with
BAG

Class. Clust. Class. Clust.
BB 960 BG 960

0.05 42706 0.747 0.014 0.769 0.014 0.000
0.10 22263 0.736 0.155 0.798 0.155 0.000
0.15 10983 0.743 0.610 0.832 0.610 0.001
0.25 4412 0.750 0.534 0.869 0.534 0.002
0.35 1741 0.751 0.563 0.877 0.563 0.004
1.00 163 0.758 0.523 0.886 0.523 0.046
5.00 11 0.760 0.521 0.887 0.521 0.424
10.00 5 0.760 0.521 0.887 0.521 0.590
15.00 3 0.760 0.521 0.887 0.521 0.527
22.50 3 0.760 0.521 0.887 0.521 0.527

BB 05-100 BG 05-100

0.10 20936 0.751 0.108 0.789 0.108 0.000
0.35 2010 0.766 0.527 0.829 0.527 0.003
5.00 20 0.776 0.520 0.834 0.520 0.281
10.00 6 0.776 0.521 0.834 0.521 0.476
18.50 3 0.776 0.521 0.834 0.521 0.587

BB 25-100 BG 25-100

0.10 23881 0.764 0.033 0.799 0.033 0.000
0.35 2512 0.867 0.546 0.867 0.546 0.002
5.00 20 0.796 0.520 0.873 0.520 0.267
10.00 6 0.796 0.521 0.873 0.521 0.484
18.50 3 0.796 0.521 0.874 0.521 0.575

BB 50-100 BG 50-100

0.10 23864 0.758 0.043 0.792 0.043 0.000
0.35 2604 0.782 0.536 0.859 0.536 0.002
5.00 18 0.792 0.520 0.866 0.520 0.303
10.00 4 0.792 0.521 0.866 0.521 0.597
18.50 3 0.792 0.521 0.866 0.521 0.570

BB 100-100 BG 100-100

0.10 23480 0.741 0.026 0.779 0.026 0.000
0.35 2586 0.766 0.521 0.848 0.521 0.002
5.00 20 0.776 0.520 0.863 0.520 0.262
10.00 4 0.776 0.521 0.863 0.521 0.601
18.50 3 0.777 0.521 0.863 0.521 0.581

presented for all 20 combinations and for different values of category radius r.
It is also worth to mention that the F-Score values for image classifiers based on
structures ST, STB and STG were 0.7505, 0.7599 and 0.8874, respectively, while
the best result for K-Means using GIST – called KMG – was 0.335; and the best
result for K-Means using BAG – called KMB – was 0.601.

For image classification task, the results of the proposed model were very
close to the best F-Score (0.8874) obtained by the structure STG, but in con-
trast to STG our method also solves the image clustering task. The best results
were obtained by GG 960 (0.887). The combinations of semantic descriptions
represent good alternatives for scenarios with restrictions on computer power
and/or on storage space, since they were more economical (≈ one tenth, in our
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Fig. 1. Harmonic mean of F-Scores for GB 960, GG 960, BB 960 e BG 960.

experiments), but they were able to obtain quite competitive results. For image
clustering task, KMG was worst than all the results obtained by GB/GG combi-
nations. For BB/BG combinations, KMB was superior in some cases, especially
for scenarios with a small number of categories. But, the best clustering results
(0.610) obtained by BB 960 and BG 960 were greater than KMB .

Again, the proposed model is able to deal with both tasks (image classifi-
cation and clustering). So, in order to evaluate which combination is better in
both tasks at the same time, the harmonic mean of the F-Score for classification
and for clustering was calculated considering each combination. The harmonic
mean for GG 960 was 0.710 for a radius of 2.25; and for BG 960 it was 0.686
for radius of 350 (see Fig. 1). Most of the combinations presented a stable result
for the harmonic mean greater than 0.6 (for radius values above 2.00 for GB
and GG and for radius above 350 for BB and BG). The results of the proposed
model are directly related to the radius values. For GB 960 and GG 960, the
best results were associated with a radius values greater than 2.05; while for BB
960 and BG 960, the best results were related to radius values greater than 150.
For combinations of semantic descriptions, best results were obtained for radius
values greater than 4.65 and 350 for GB/GG and for BB/BG, respectively (see
Fig 2). Those results seem to be related to the distribution of distances between
descriptors, since best results are generally associated with radius values which
are greater than 60%∼70% of the actual distances between descriptors. If we
consider the results for classification and for clustering separately, GB 960, GG
960, BB 960 and BG 960 presented a superior performance when compared to
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combinations of semantic descriptions. However, when the combined perfor-
mance (on both task) is taken into account, the combinations with a reduced
number of dimensions generated using semantic visual vocabularies become
interesting options to be explored – especially for those with severe restrictions
of computer power and/or storage space. Although the construction time for
different combinations are almost stable, the time spent during 5-NN search has
varied from 6 to 183 times greater for GB 960, GG 960, BB 960 and BG 960
when compared to the other combinations with a reduced number of dimensions.

5 Conclusion

Image classification and image clustering are two important tasks related to
image analysis. This work proposes a two-level hierarchical model for solving
both tasks using a hierarchical combination of image descriptors. The construc-
tion of a latent semantic representation for images is presented and its impact
on the results of both tasks for the two-level hierarchical model is evaluated.

Test results have confirmed the superior performance attained by the hier-
archical combination of descriptors when compared to a simple concatenation
of them or to the use of single descriptors. The hierarchical combination of
semantic representations has presented results similar to the other hierarchical
combinations, using only a small fraction of the time and space needed by oth-
ers, which is interesting specially for those with restrictions of computer power
and/or storage space. Future works should investigate the use of different latent
space models for image representation and their impact on the results of the
simultaneous solution for both tasks (image classification and clustering).
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