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Abstract. Content-based image retrieval remains an important
research topic in many domains. It can be applied to assist specialists to
improve the efficiency and accuracy of interpreting the images. However,
it presents some intrinsic problems. This occurs due to the semantic inter-
pretation of an image is still far to be reach, because it depends on the
user’s perception about the image. Besides, each user presents different
personal behaviors and experiences, which generates a high subjective
analysis of a given image. To mitigate these problems the paper presents
a novel framework for content-based image retrieval joining relevance
feedback techniques with optimization methods. It is capable to not only
capture the user intention, but also to tune the process through the opti-
mization method according to each user. The experiments demonstrate
the great applicability and efficacy of the proposed framework, which
presented considerable gains of precision regarding similarity queries.
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1 Introduction

Nowadays there is a continuously growing regarding devices capable of generate
different types of images. On the other hand images are a complex data type
that brings in itself a number of challenges. This fact leads to a huge volume of
images that must be organized and retrieved considering a specific domain [4],
regarding the specialist intention. Thus, the great challenge is to find among a
large volume of images those which are actually relevant to a given context.

In order to perform this retrieval process the images can be searched based
on metadata (i.e. keywords defined for each image). However, this approach is
extremely subjective, tiresome and susceptible to errors. This occurs not only
in the organization step because someone needs to define the keywords for the
images, but also in the search process. Trying to solve these problems, it was
developed content-based image retrieval (CBIR) techniques that automatically

This work was supported by CAPES, CNPq, Fund. Araucária and UTFPR.
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extract visual characteristics from the images to describe them, generating fea-
ture vectors. The main features extracted are based on color, texture and shape.
Thereafter, these features are compared by a measure (i.e. distance function) in
order to calculate the similarity between the images. For instance, given a query
image, it is possible to retrieve the most similar (relevant) according to it, and
solving the problems of the search based on metadata (i.e. text) [4].

On the other hand, CBIR process suffers from the so called semantic gap
problem [11], where the results returned by the low-level features (color, texture
and shape) automatically extracted from the images and compared by a dis-
tance function do not complies with the user (e.g. specialist in a given context)
expectation about the search. It occurs because of the gap between the low-level
features and the high-level interpretation of the user regarding the similarity
between the images.

Hence, to mitigate the semantic gap problem relevance feedback techniques
can be aggregated into the process in order to approximate the user from the
CBIR approach. This type of technique was adapted from the textual retrieval
area to CBIR [11]. Relevance feedback techniques allow the users to label and
define the relevance (irrelevance) degree of the images returned by a given query.
This labeling process performed by the user provides the CBIR to adapt and
adjust the query, taking into account the high-level relevance of the images
according to the user needs. Thus, it is an effective technique for mapping the
high-level semantics to the low-level features.

In order to improve this process performed by the specialist, obtaining more
accurate results, the present paper applies the CBIR approach with the relevance
feedback process, joined with optimization strategies (e.g. particle swarm opti-
mization) to diminish the intrinsic problems of semantic gap in image retrieval.
Besides, using relevance feedback techniques the approach is capable to closer
the user to the CBIR system, capturing the high-level semantics of the specialist,
aiding the process and serving as training for fresh specialists.

Experiments showed that the proposed methodology improves the query pre-
cision up to 99% and at the same time captures the specialist intentions.

The present paper is organized as follows. Section 2 summarizes the concepts
needed to understand our approach. Section 3 presents the methodology applied,
while Section 4 discusses the experiments and results. Finally, Section 5 presents
the conclusions of the present work.

2 Background

2.1 Feature Extraction

An essential key in similarity search is regarding the feature extraction process,
which describes the intrinsic visual features from the images. As aforecited, the
features are automatically extracted from the images and organized in feature
vectors. There are several methods proposed in the literature to extract image
features based on color, texture or shape low-level characteristics.



A Novel Framework for CBIR Through RF Optimization 283

Edge statistics are computed on the images Prewitt gradient, and includes
the mean, median, variance, and eight bins histogram of both the magnitude
and the direction components. Other edge features are the total number of edge
pixels (normalized to the size of the image) and the direction homogeneity, which
is measured by the fraction of edge pixels that are in the first two bins of the
direction histogram. Additionally, the edge direction difference is measured as
the difference among direction histogram bins at a certain angle [6].

Zernike Moments are used to represent complex shapes, composed of several
disjoint regions. It represents shape properties of the image without redundancy
of information between moments [7].

2.2 Relevance Feedback

Relevance feedback techniques perform an interactive query modification and
fulfill an important role in CBIR systems, since it is capable to gradually reduce
the semantic gap through user interactions.

Typically, a relevance feedback approach consists of three steps in the CBIR
context: in the first step, it is performed a similarity query and the most sim-
ilar images are retrieved according to a give image query; at the second step,
the users initiate the labeling process, guiding the search, judging the retrieved
images in relevant or irrelevant; finally, in third step, the systems capture the
user’s intention based on the feedback performed in step two and modify the
initial query. Steps two and three are repeated until the user is satisfied with the
retrieved images.

Different methods can be applied to steps 2 and 3 of the relevance feedback
cycle. Considering step 2, the labeling process can consider only relevant (positive
examples) images, or relevant and irrelevant (negative examples) images at the
same time. In step 3, different techniques can be employed such as based on
query point movement (QPM). This type of technique consists in modifying the
query point. To accomplish such task, the Rocchio’s model [10] can be applied,
which approximates the query point from the relevant images and, at the same
time, keeps it away from the irrelevant ones. The Rocchio’s formula is formally
defined by Equation 1.
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where −→q o is the feature vector of the old query center; |Dr| and |Dnr| are, respec-
tively, the number of relevant and irrelevant images labeled by the user;

−→
dj is

the feature image vector; and α, β and γ are weights used to define the impor-
tance of the factors (i.e. old query center, relevant images, irrelevant images) to
generate the new query center (−→q m). Varying the weights of α, β and γ, the
results can show large difference. However, to the best of our knowledge, there
is no work which focus on the best-suited definition of these weights, according
to a given context and user intention. Usually, the values of such parameters are
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empirically defined without further analysis. The great majority of works focus
on the relevance/irrelevance degree definition for each image or in the image
features re-weighting, and neglects those parameters.

2.3 Evolutionary Algorithms

In the field of artificial intelligence, evolutionary algorithm (EA) is part of a
category called evolutionary computing. The main idea behind this algorithm
is to apply the process of natural evolution as a problem solving paradigm.
An EA uses mechanisms inspired by biological evolution, such as reproduction,
mutation, recombination, and selection.

Genetic algorithm (GA) is one of the most known and most used in the
evolutionary computing. It is started with a set of solutions represented by chro-
mosomes, called population. Solutions from one population are taken and used
to form a new population. This is motivated by a hope, that the new population
will be better than the older one. Solutions which are selected to form new solu-
tions (offspring) are selected according to their fitness - the more suitable they
are the more chances they have to reproduce. This is repeated until some condi-
tion (for example, number of populations or improvement in the best solution)
is satisfied [3].

The Particle Swarm Optimization (PSO) algorithm was created based on
migration process of birds in searching for food. The concept behind the process
is the particle (i.e. each bird), which is a point in the solution space [9]. The basic
idea is to create a group (swarm) of particles that move within a given problem
space, searching the location that best suits your needs, in this case, given by
the fitness function. The specification of this function depends on the problem
to be optimized. Once a problem space is defined, a set of particles is generated
and subsequently their positions and their speeds are adjusted iteratively.

In this optimization algorithm, we have a complete connected set, which
means that all particles share information. Thus, any particle knows the best
position ever visited by any of the swarm. Each particle has a position (2) and
a velocity (3), which are defined by Equations 2 and 3.

xi,d(it + 1) = xi,d(it) + vi,d(it + 1) (2)

vi,d(it + 1) = vi,d(it)
+C1 ∗ Rnd(0, 1) ∗ [pbi,d(it) − xi,d(it)]
+C2 ∗ Rnd(0, 1) ∗ [gbd(it) − xi,d(it)]

(3)

where: i is the index used to identify the particle; d is the particle dimension;
xi,d is the dimension d of the particle i; vi,d is the velocity of the particle i
in the dimension d; it is the iteration number; C1 is a constant acceleration
to the cognitive component (toward the global best solution); Rnd defines a
random value between 0 and 1; pbi,d is the dimension d of the best local particle;
C2 defines a constant acceleration for the social component (toward the best
solution); and gbd is the dimension d of the best global particle.
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3 Proposed Approach

The proposed framework performs content-based image retrieval through rele-
vance feedback optimization. The framework provides the flexibility to incor-
porate not only new types of distances, but also feature extraction methods,
relevance feedback approaches and optimization algorithms.
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Fig. 1. Pipeline of the proposed framework.

The main idea of the proposed framework consists in using information from
the user intention about the similarity query to optimize the relevance feedback
process according to it. The great majority of works do not take into account that
the initial parameters (e.g. α, β and γ from Rocchio’s formula) of the relevance
feedback process also needs to evolve according to a given image context and
user intention, and maintain their initial values. This fact not only leads to
considerable losses in query precision, but also degenerates in a very fast pace the
relevance feedback process, trapping the query in less relevant subspaces. In order
to mitigate this problem, our proposed framework allows to apply optimization
strategies to escape from the subspace trapping, according to the user intention.
To do so, we optimize the values of factors α, β and γ from Rocchio’s formula,
according to the image context (i.e. types of image datasets) and the labeling
process accomplished by the user in the relevance feedback approach.

Figure 1 illustrates the pipeline of the current framework instances. Initially,
in step 1, it is executed the offline optimization process to get best Rocchio’s
parameters according to a given dataset. In step 2, the query image is applied to
the similarity search process accomplished in step 3. In steps 4 and 5, the user
evaluates the retrieved images and labeled them as relevant/irrelevant. Finally,
in step 6, the user intention is used as input to recalculate the query center
using pre-processed parameters to weight the Rocchio’s factors. To the best of
our knowledge there are no studies that perform the same approach. In the
present paper, we generate two instances of the proposed framework, applying
the particle swarm optimization (PSO) and genetic algorithm (GA) approaches
(Section 2.3) linked to the definition of the best values to the Rocchio’s factors.

As fitness function for the PSO and GA, it was used the average precision of
a set of performed similarity queries and relevance feedback iteration.

Algorithm 1 describes the pipeline of the fitness calculation, considering the
PSO instance of the proposed framework. Consider G an image dataset, com-
posed by images from different classes, where every image g ∈ G is described by
a feature vector (generated by a given feature extractor e), the proposed method
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randomly selects an equal number of query images per class (line 3), generating
the RandImages set. Afterwards, the initial values (employed in the literature)
of the factors α, β and γ are defined as the dimensions of the particle (i.e. three
dimensions) for the PSO (lines 5 to 7). Given the images from the RandImages
set, each one of them are used as query centers to an initial k-NN query. So, the
retrieved images (retrievedImages set) are labeled in relevant or irrelevant by
the user (i.e. generating the labeledImages set). Then, the query point movement
based on Rocchio’s formula is applied considering the initial values of alpha, beta
and gamma, as well as the labeled images. The result of such process generates
a new query center (newQuery) that is used by the evaluateQuery function to
calculate the precision, obtained by this new query center generated according
to the user intention. Finally, after going through all the selected query images,
the algorithm calculates the average precision of queries and returns the value
as fitness for the PSO algorithm. It is important to highlight that the fitness is
an offline process, fact that does not generate impact on the computational time
of the similarity query.

Algorithm 1. Pipeline of the PSO Fitness Calculation
Require: Image Dataset G, k, distance d, feature extractor e, random query images

per class n
1: function getFitness(particle)
2: // receive IDs of images
3: RandImages ← getQueryImages(G, n)
4: pr ← 0 � initialize precision
5: α ← particle0
6: β ← particle1
7: γ ← particle2
8: for all img i in RandImages do
9: retrievedImages ← k-NN(img, k, d, e)

10: newQuery ← Rocchio(α, β, γ, labeledImages)
11: pr+ = evaluateQuery(newQuery)
12: end for
13: precision ← pr/ count(images)
14: return precision
15: end function

4 Experiments

The experiments were performed using our proposed method in comparison with
the approach widely employed in the literature (i.e. rocchio without factor’s
optimization).

In order to evaluate it, and summarize the results, we applied the mean
average precision measure [1]. The precision is defined as: precision = |RA|

|A| ,
where |RA| is the number of retrieved images that are relevant and |A| is the size
of the answer set [1]. To generate the precision values we performed k-nearest
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neighbor queries using randomly query centers from the dataset, and setting
k = 15. This value of k was considered since large numbers would make the
process not faithful with the common practice employed during daily activities.
To perform the k-NN queries, it was considered the Euclidean distance function
and all features cited in Section 2, joined with the Rocchio’s relevance feedback
(Section 2.2). To the experiments, we consider three relevance feedback cycles.

In order to accomplish a fair comparison between our method and the widely
employed approach in the literature (i.e. empirically weight definition), we per-
formed experiments setting the initial values of α, β and γ as 1.0, 0.5 and 0.25,
respectively, because positive feedback also turns out to be much more valuable
than negative feedback, and the most information retrieval systems set β > γ
[5]. Regarding the parameters of the PSO algorithm (Section 2.3), we defined:
minimum and maximum values for each particle dimension equal to 0 and 1,
respectively; a particle composed of 3 dimensions; maximum velocity equals to
0.5; number of iterations equals to 20; and, finally values of 0.02 to the constants
C1 and C2. For GA, we defined as parameters: maximum number of generations
= 100, population size = 40, minimum and maximum values, for each dimen-
sion, equal to 0 and 1 respectively, convergence rate = 0.9, selection type =
tournament and size of chromosome = 21.

To evaluate the methods, we performed a supervised automated evaluation of
the algorithms. For each query, we considered as relevants, the images retrieved
belonging to the same class of the image query, and irrelevants those belonging
to a different class. The goal of this technique is to simulate the feedback given
by the user through this information. This is a common configuration employed
in the literature to perform a large number of tests over the algorithm under
evaluation.

4.1 Image Dataset Description

For the experiments, we used image datasets containing Regions of Interest
(ROI) extracted from images of Computed Tomography of the Chest, more
specifically containing lung lesions. The dataset LungCT was obtained from
a hospital university [2]. The dataset contains 3264 images of 8-bit depth gray
scale with dimensions of 64 x 64 pixels. The images divided into six distinct
classes, contain abnormal patterns that characterize diffuse lung lesions. The
distribution of the images in each class is: normal - 591 images; consolidation -
452 images; emphysema - 503 images; thickening - 591 images; honeycomb - 531
images; ground-glass - 596 images.

The proposed algorithm was also tested on a public database containing 1000
color images from the Corel database [8], which are from 10 different semantic
categories (cat, bonsai, texture six, primates, mineral, leopard, cards, texture
one, sunset, rockform), each one containing 100 images.
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4.2 Results

Due to space limitations, we present the most representative results obtained
considering the aforecited methods and datasets.

Figure 2 shows the results obtained by the proposed approach compared to
literature baseline (i.e. Rocchio without optimization) using ctLung and Corel
datasets, respectively. The y-axis represents values obtained by MAP and the
x-axis represents the iterations of the relevance feedback process (initial query q
and i-th relevance feedback cycles, where i = 1, ..., 10).

(a) (b)

Fig. 2. Comparison of the baseline Rocchio against the proposed approach. (a) using
lungCT dataset. (b) using Corel dataset.

Analyzing the results of Figure 2, we can see that the instances of the pro-
posed approach (i.e. Rocchio PSO and GA) when compared with the approach of
the literature (i.e. Rocchio) showed precision gain in all feedback cycles. The pro-
posed approach reached precision gains of up to 23% for Rocchio PSO and 39%
for Rocchio GA in the tenth cycle (i10). Besides, the proposed approach presents
better performance regarding the query saturation, also leading to higher preci-
sions in the final relevance feedback cycles.

5 Conclusions

In this paper, we presented a novel framework for content-based image retrieval
with relevance feedback joined with optimization methods. The framework allows
the combination of a set of distance functions, feature extractors and relevance
feedback techniques, which are optimized by different strategies. Thus, miti-
gating the intrinsic problems of the CBIR process, capturing the user intention
about a given similarity query and optimizing the relevance feedback component
through the optimization strategies.

From the experiments, we can argue that the proposed framework instances
(Rocchio PSO and Rocchio GA, as optimization strategies) were capable to
improve in a great extent the precision of the similarity queries, reaching gains
of up to 39% when compared with the literature approach, and at the same time
capturing the user’s intention.
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