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ABSTRACT 
Performance of content-based image retrieval (CBIR) schemes are mainly improved by Conventional relevance feedback (RF) 
schemes which demands a large number of image annotation. In this work we present a novel active learning (AL) method to 
drive RF for retrieving satellite images from large archives with framework  of  the support vector machine classifier to  reduce 
the labeling effort of the user.  The proposed AL method is specifically designed for CBIR with the aim of evaluating threes 
criteria namely 1) uncertainty; 2) diversity; and 3) density of images in the archive in a two successive steps. The first step 
involves margin sampling followed by clustering in second step. Experimental results show the effectiveness of the proposed 
work. 
Keywords :- Active learning (AL), content-based image retrieval (CBIR), relevance feedback (RF), remote sensing (RS). 

I. INTRODUCTION 

With the development of satellite technology, large volume 
remote sensing (RS) images (i.e., millions of single date as 
well as time series of Earth observation scenes) become 
available. Accordingly, one of the most challenging and 
emerging applications in RS is the efficient and precise 
retrieval of RS images from such archives according to the 
users’ needs. Conventional RS image retrieval systems often 
rely on keywords/tags in terms of sensor type, geographical 
location, and data acquisition time of images stored in the 
archives. The performance of tag matching-based retrieval 
approaches highly depends on the availability and the quality 
of manual tags. However, in practice, keywords/tags are 
expensive to obtain and often ambiguous. Due to these 
drawbacks, recent studies have shown that the content of the 
RS data is more relevant than manual tags.  

Accordingly, content-based image retrieval (CBIR) has 
attracted increasing attentions in the RS community 
particularly for its potential practical applications to RS image 
management. This will become particularly important in the 
next years when the number of acquired images will 
dramatically increase. Any CBIR system essentially consists 
of (at least) two modules [1], [2]: 1) a feature extraction 
module that derives a set of features for characterizing and 
describing images and 2) a retrieval module that searches and 
retrieves images similar to the query image. Querying image 
contents from large RS data archives depends on the 
capability and effectiveness of the feature extraction 
techniques in describing and representing the images. The 
remaining part of this paper is organized as follows. 

Section II introduces the existing literature works. Section 
III describes the proposed AL method, whereas IV illustrates 
the experimental results. Finally, Section V draws the 
conclusion of this work. 

II. RELATED WORKS 

In the RS literature, several primitive (i.e., low level) 
features have been presented for retrieval purposes, such as 
the following: intensity features [5], color features [6], [7], 
shape features [8]–[10], texture features [10]–[16], and local 
invariant features [17]. However, the low level features from 
an image have a very limited capability in representing and 
analyzing the high-level concept conveyed by RS images (i.e., 
the semantic content of RS images). This issue is known as 
the semantic gap that occurred between the low level features 
and the high-level semantic content and leads to poor CBIR 
performance. Consequently, the semantic gap is the crucial 
challenge in CBIR applications.  

In order to confine the semantic gap, relevance feedback 
(RF) schemes have been designed to iteratively improve the 
performance of CBIR by taking user’s (i.e., an oracle who 
knows the correct labeling of all images) feedback into 
account[3], [4]. At each iteration, the user’s feedback is used 
to provide relevant and irrelevant images to the query image 
that are positive and negative feedback samples, respectively. 
RF can be considered as a binary-classification problem: One 
class includes relevant images, and the other one consists of 
their relevant ones. Then, any supervised classification 
method can be used in the context of CBIR by training the 
classifier with the already annotated images of two classes [3], 
[4]. Accordingly, during RF, the search strategy is refined 
iteration by iteration by improving the classification model 
with the recently annotated images. As mentioned previously, 
user involvement is required at each RF iteration for 
annotating images. However, labelling images as relevant or 
irrelevant is time-consuming and thus costly. Accordingly, 
despite the retrieval success of RF, the conventional RF 
schemes are not practical and efficient in real applications, 
especially when huge archives of RS images are considered.  

RESEARCH ARTICLE                                     OPEN ACCESS 

http://www.ijitjournal.org/


International Journal of Information Technology (IJIT) – Volume 3 Issue 1, Jan - Feb 2017 

ISSN: 2454-5414                          www.ijitjournal.org                                                  Page 2 

An effective approach to reduce the annotation effort in RF 
is active learning (AL) that aims at finding the most 
informative images in the archive that, when annotated and 
included in the set of relevant and irrelevant images (i.e., the 
training set), can significantly improve the retrieval 
performance [10]. Moreover, selecting the most informative 
images results in the following: 1) a smaller number of RF 
iterations to optimize the CBIR and 2) a reduced annotation 
time due to the optimization of the training set with a 
minimum number of highly informative images. In the RS 
community, most of the previous studies in AL have been 
developed in the context of classification problems for land-
cover map generation (see [18] for a comprehensive review on 
the most relevant techniques). In particular, the unlabeled 
samples that are highly uncertain and diverse to each other are 
usually selected as informative samples to be labeled and 
included in the training set for the classification of RS images 
[18]. The uncertainty of a sample is related to the confidence 
of the supervised algorithm in correctly classifying it, whereas 
the diversity among samples is associated to their correlation 
in the feature space (i.e., samples that are as distant as possible 
to each other are the most diverse samples). 

AL has been marginally considered in the framework of 
CBIR problems in the RS community. To the best of our 
knowledge, only one AL method is presented [10], which is 
developed in the context of the support vector machine (SVM) 
classifier and inspired from AL methods used for 
classification problems [21]. In this method, the uncertainty 
and diversity criteria have been applied in two consecutive 
steps. In the first step, the most uncertain images are selected 
from the archive. To this end, the unlabeled images closest to 
the current separating hyperplane(those that are the most 
uncertain) are initially selected by margin sampling (MS) 
[19], [20]. In the second step, the images that are diverse to 
each other among the uncertain ones are chosen on the basis 
of the distances estimated between them. An important 
shortcoming of the method presented in [10] is that it does not 
evaluate the representativeness of images in terms of their 
density in the archive. However, images that fall into the high-
density regions of the image feature (descriptor)space are 
crucial for CBIR problems particularly when a small number 
of initially annotated images are available. This is due to the 
fact that they are statistically very representative of the 
underlying image distribution in the archive. Therefore, the 
retrieval results on them affect much more the overall retrieval 
density regions.  

III. PROPOSED METHOD 

A. Problem Formulation 

Let us consider an archive ϒ made up a very large number 
of   R RS { X1, X2, ….. XR} images. A general CBIR system 
with RF driven by AL consists of three modules: 1) the 
primitive (low level) feature extraction module that is applied 
to both query image and all images in the archive;2) the initial 
training set definition module that builds an initial training set 
T with a small number of relevant and irrelevant images with 

respect to query; and 3) the RF driven by an AL module that 
enriches the training set T defined by the previous module and 
returns the set δ of images from the archive Υ. Fig. 1 shows 
the general block scheme of the CBIR with RF driven by AL. 
In this paper, we mainly focus on the RF driven by the AL 
module (see Fig. 2) which is a crucial part for the success of 
the CBIR system. Then, we briefly present the feature 
extraction module and the important choices adopted for 
assessing the similarities of image features in the proposed 
system. 

 
Fig. 1 General architecture of a CBIR system with RF driven by AL. 

 
Fig. 2 General flowchart of RF driven by AL. 

AL iteratively expands the size of an initial labeled training 
set T, selecting the most informative images from the archive 
Υ for their annotation. At each RF iteration, the most 
informative unlabeled images for a given classifier are: 1) 
selected based on an AL function; 2) annotated by a 
supervisor (i.e., an oracle); and 3) added to the current training 
set T. Finally, the supervised classifier is retrained with the 
images moved from Υ to T. It is worth noting that the initial 
training set T requires few annotated images for the first 
training of the classifier and then is enriched iteratively by 
including the most informative images selected from Υ. At 
each iteration, after the classifier is trained, the retrieval of the 
images under investigation is carried out. These processes are 
repeated until the user is satisfied with retrieval results. The 
general flowchart of the AL-based RF approach is given in 
Fig. 2. The selection of the most informative samples from Υ 
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to be included in the training set T on the basis of AL offers 
two main advantages: 1) The annotation cost is reduced due to 
the avoidance of redundant images, and 2) an accurate 
retrieval accuracy can be obtained due to the improved class 
models estimated on a high-quality training set on the basis of 
the classification rule used from the considered classifier (the 
images to be annotated are selected from the classifier as the 
most informative for its classification rule). Of course, the 
success of the RF strongly depends on the capability of the 
specific AL method considered to select the most informative 
and representative images to be annotated in order to limit as 
much as possible the effort of the user for reaching the final 
relevant result. 

B. Proposed AL Method 

We propose a novel triple criteria AL (TCAL) method to 
expand the initial training set during RF rounds in CBIR 
applications.The aims of the proposed AL method are as 
follows: 1) to achieve a training set of annotated relevant and 
irrelevant images with respect to the query image as small as 
possible within a low number of RF iterations and 2) to 
retrieve the images similar to the query image with high 
accuracy. The proposed TCAL method is defined in the 
context of binary SVM classification and selects a batch S = 
{X1,X2, . . . ,Xh} of h images at each RF iteration that are as 
follows: 1) uncertain(i.e., ambiguous); 2) as more diverse as 
possible to each other; and 3) located in the highest density 
regions of the image feature space. The uncertainty of images 
is assessed according to the MS strategy, whereas the diversity 
and density of the image are evaluated by a novel clustering-
based strategy. At each iteration, the proposed AL method 
jointly evaluates the aforementioned three criteria by a 
strategy that is based on two consecutive steps to select the 
batch S of images.  

In the first step, the m > h most uncertain images are 
selected according to the standard MS technique from Υ. In 
the second step, the most diverse h images among these m 
uncertain (i.e., ambiguous) images are chosen from the 
highest density regions of the feature space (m > h > 1). The 
first step is devoted to select unannotated images that have 
maximum uncertainty on their correct target classes according 
to the binary SVM classification properties. The basic idea 
behind this concept is  that images, which have the lowest 
probability to be accurately classified by the considered 
classifier, are the most beneficial to be included in the training 
set for separating the two categories of relevant and irrelevant 
images in an optimal way. For SVM Classification, the 
images closest to the separating hyperplane (which is the 
discriminant function) have low confidence to be correctly 
classified. One of the most popular AL methods in the context 
of SVM classification is MS, which selects the unlabeled 
samples closest to the separating hyperplane, as they are the 
samples considered with the lowest confidence (i.e.those that 
have the maximal uncertainty on the true information class). 
Accordingly, we considered this approach to select the most 
uncertain images in the first step due to its simplicity and 
effectiveness, and possible fast implementation. To this end, 

initially, a binary SVM is trained using the existing set of 
relevant and irrelevant images. Then, the functional distances 
of the unannotated images to the current SVM hyperplane are 
estimated. 

The second step is devoted to select h images from the 
uncertain set of the most uncertain images that are diverse to 
each other, taking into account sample density in the archive 
image feature space. Selecting the uncertain images from the 
high-density regions of the image feature space is crucial in 
the proposed TCAL method. This is due to the fact that, under 
the reasonable assumption that images in the same region of 
the image feature space have similar target categories, the 
selection of images to be annotated from high-density regions 
is an effective strategy for minimizing the overall retrieval 
error. This choice aims to reduce errors in the regions of the 
image feature space where we have many uncertain unlabeled 
images that can strongly affect the overall retrieval accuracy.  

C. RS Image Feature Extraction and Classification in the 

Context of CBIR 

We model RS images by exploiting a bag-of-visual-words 
(BOVW) representation of the local invariant features 
extracted by the scale invariant feature transform (SIFT). The 
SIFT is a translation, rotation, and scale invariant image 
feature extraction technique and has recently been found very 
effective and robust in the context of RS image retrieval [17]. 
The SIFT results in various local interest points within an 
image and their descriptors (i.e., SIFT descriptors) that 
characterize portions of images around the interest points. In 
order to summarize the SIFT descriptors by the BOVW 
representation (that is generally considered for the local image 
descriptors), we apply kernel k-means clustering to a subset of 
randomly selected SIFT descriptors. This process results in a 
codebook. Then, the descriptors extracted from each image 
are quantized by assigning the label of the closest cluster [17]. 
Accordingly, the final representation of an image is the 
histogram (i.e., frequency) of the codebook entries (known as 
code-words) in the image [17]. Note that the histogram-based 
image representation is very popular for the BOVW 
approaches that result to be the state-of-the-art in many image 
retrieval problems outside RS. 

IV. EXPERIMENTAL EVALUATION 

The proposed work is implemented in MATLAB and 
performance evaluation is done database containing  21 object 
categories. In the experiments, in order to obtain the BOVW 
representations of images (which summarizes the SIFT 
descriptors), kernel k-means clustering was applied to 100 000 
randomly selected SIFT descriptors by selecting k = 150. 
Then, the SIFT descriptors are quantized by assigning the 
label of the closest cluster. The images downloaded from the 
National Map are in the red–green–blue color space. In order 
to use SIFT, a coherent way with [17], each image is 
converted to grayscale. In the experiments, L2 normalized 
SIFT histogram features have been used, i.e., the components 
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Fig. 3 Results obtained in implementation of proposed work 

are normalized so that the feature vectors have length one. 

V. CONCLUSION 

The proposed AL method selects both informative and 
representative unlabeled images to be included in the training 
set at each RF round by the joint evaluation of the uncertainty, 
diversity, and density criteria. The uncertainty and diversity 
criteria aim to select the most informative images, whereas the 
density criterion aims to select the most representative images 
in terms of prior distribution. In the proposed AL method, the 
joint assessment of the three criteria is accomplished based on 
a two-step technique. In the first step, using marginal strategy 
approach the most uncertain images are selected. In the 
second step, high density region in image feature space are 
identified using a novel clustering approach, with these high 
density region the most diverse images among uncertain 
images are identified. The limitations in previously presented 
AL methods in CBIR problems due to 1) unbalanced training 
sets and 2) biased initial training set are eliminated in this 
proposed work. 
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