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Content-based remote sensing image retrieval using co-training
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Abstract: There are usually few training samples in the tasks of content-based remote sensing image retrieval, which will lead
to over-learning problem while using this small data set for training. In this paper a novel approach using co-training in multiple
classifier systems is presented, which can label the unclassified samples automatically by using the cooperative determination of
the classifiers which are created on several different feature sets, so that the small sample problem can be raveled out. Compared
with the technique of relevance feedback, the experiments indicate that they have their own strengths and can obtain almost the
same results. However, the proposed approach of co-training in multiple classifier systems is superior in regard of avoiding the

needs of human intervention through relevance feedback.
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1 INTRODUCTION

During the last decades, the imaging satellite sensors have
acquired huge quantities of data, e.g., NASA can collect more
than 1 000 GB remote sensing imageries every day. With the
fast increasing of these data, it is helpful to environment moni-
toring, hazards prevention, agricultural management and urban
planning. However, the access to image archives will become
more difficult due to the enormous data quantity acquired by
the new generation of high-resolution satellite sensors. The
state-of-the-art systems for accessing remote sensing data and
images, in particular, allow only queries by geographical coor-
dinates, time of acquisition, and sensor type. This information
is often less relevant than the content of the scene, e.g., struc-
tures, patterns, or objects. The text annotation of image content
is impractical due to the tedious manual labor and human sub-
jectivity. Content-based image retrieval (CBIR) has emerged in
the 1990s and achieved great advancements recently. The under-
lying rational of CBIR is the automatic extraction of image
features, such as color, texture, shapes and their combination.
Since these features represent the intrinsic characteristics of the
image, the subjectivity of the above-mentioned manual annota-
tion can be alleviated to some extent.

There are many efforts to utilize CBIR in remote sensing
imageries. Zhu et al. (2000) proposed to use Gabor-filter based
texture features to retrieve aerial photos over a test-bed of 800
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aerial photographs. Luo et al. (2001) focused on visual feature
based CBIR problem of remote sensing image, and the feature
selection, extraction, similarity model and their implementation
were thoroughly investigated. Both the spectrum information
and wavelet-based features were utilized to describe the content
of the image. In the work by Lu et al. (2004), a remote sensing
image retrieval approach using the linear weighted fusion of
color and texture features was presented, in which the image
was decomposed using quin-tree. Zeng et al. (2005) proposed
an algorithm for the retrieval of large-scale remote sensing
images. After the partition of the original image, some statistics
of the texture features were calculated using the method like
Hu’s invariant moment, and a group of texture features con-
nected with the texture’s position was extracted. Bao and Guo
(2006) experimentally investigated two kinds of similarity
measures for remote sensing CBIR, i.e., feature vector based
measure and the probabilistic one. It was found that 4 statisti-
cal distance and cosine of the angle performed well for the first
similarity measure, while the K-nearest neighbor-based rule
was effective for the second one.

During the past few years, relevance feedback (Rui et al.,
1998; Ferecatu & Boujemaa, 2007) has been put forward to
tackle the problem of semantic gap, which is caused by the
inconsistency between low-level features and the high-level
semantics of the user’s query. The user is requested to give
some hints on the relevance or irrelevance of the query result.
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Specifically, a query task is established by several rounds of
feedback, during which the target concept is approached by

some strategies, such as query shifting and relevance estimation.

With the increasing of the tagged samples by the user, the per-
formance will be boosted rapidly. But in the retrieval of remote
sensing imagery, the number of the tagged samples is scarce
and thus can result in over-fitting phenomenon. In real applica-
tions, it is easy to obtain large number of unlabeled samples,
while it is very difficult to get many labeled ground-truth sam-
ples. Semi-supervised learning(SSL) has been proposed to deal
with this problem (Blum & Mitchell, 1998).

In this paper a novel approach using co-training in multiple
classifier systems is presented, which can label the unclassified
samples automatically by using the cooperative determination
of the classifiers which are created on several different feature
sets, so that the small sample problem can be raveled out.
Compared with the technique of relevance feedback, the experi-
ments indicate that they have their own strengths and can obtain
almost the same results. However, the proposed approach of
co-training in multiple classifier systems is superior in view of
avoiding the needs of human intervention through relevance
feedback.

2 RELATED WORK ON SSL IN CBIR

Semi-Supervised Learning (SSL) aims to tackle the problem
of insufficient training samples and it can be defined as: Given
some labeled samples, and abundant unlabeled samples, how to
predict the labels of the test samples, during which the issue is
to utilizing the hidden information in the unlabeled samples.

Recently, several researchers have proposed to use SSL in
CBIR. Zhou et al. (2007) put forward to use canonical correla-
tion analysis (CCA) to find several correlated projections of the
two views in the co-training algorithm, before the semi-supe-
rvised learning. Dong and Bahnu (2003) had put forward a new
EM algorithm for image retrieval, where the image distribution
in feature space was modeled as a mixture of Gaussian densities.
Tian et al. (2004) provided a new analysis on the value of
unlabeled data by considering different distributions of the
labeled and unlabeled data and showing the migrating effect for
semi-supervised learning. Extensive experiments have been
performed in the context of image retrieval applications. Yu
(2006) studied graph based semi-supervised learning to the
problem of image categorization and proposed a novel
neighborhood preserving graph-based semi-supervised learning
method. Hoi et al. (2008) proposed a novel idea of learning
with historical relevance feedback log data, and adopt a new
paradigm called Collaborative Image Retrieval. By integrating
both log data and unlabeled data information through an effec-
tive graph regularization framework, they proposed a novel
semi-supervised distance metric learning technique, called
“Laplacian Regularized Metric Learning”, for learning robust
distance metrics. Yao et al. (2008) addressed the medical image
retrieval problem by utilizing the semi-supervised method and

semantic error-correcting output codes model. Sharma et al.
(2008) developed a weakly semi-supervised ensemble of deci-
sion tree classifiers trained based on a co-training framework
for the tagging of the images over the Web.

Most of the current semi-supervised learning methods can
be categorized into three main paradigms: the generative model,
the graph-based methods and the co-training methods (Zhou,
2007). In this paper we focus on the co-training methods (Blum
& Mitchell, 1998). In the co-training paradigm, it is assumed
that features can be divided into two independent sets, each of
which contains sufficient information to construct two classifi-
ers, Cy, and C,. These two classifiers are initially trained on a
small labeled set L, after which the training set is augmented by
the classification on the unlabeled set U and the samples with
high confidence are added into L. This training process contin-
ues until there is no more sample can be labeled. The underly-
ing rational of co-training method is that, one classifier maybe
can not label the unknown sample; however, the other classifier
can label it correctly. Hence, each classifier can add some labeled
samples into the training set, which are informative to the other
classifier.

The co-training paradigm can also easily be generalized to
multiple classifiers system (MCS), whose precondition requires
that the base classifiers of the MCS are independent and con-
sistent (Didaci & Roli, 2006). This requirement can not be sat-
isfied in many real applications and Goldman and Zhou (2004)
have put forward a new algorithm for co-training without suffi-
cient and redundant views. They run different algorithms of
decision tree on the same set of features and each algorithm can
divide the training samples into several equivalent classes. The
newly labeled samples are tagged by the average confidence of
every classifiers. It can be found that co-training paradigm can
also suit the situation of two classifiers trained on the same
feature set.

Didaci and Roli (2006) have extended the co-training of two
classifiers to co-training multiple classifiers. But the algorithm
in (Didaci & Roli, 2006) is a general framework and is not spe-
cific for CBIR, without considering the problems induced by
error samples, while the final retrieval results will be unsatis-
factory with the adding of error unlabelled samples. During the
procedure of CBIR, the focus is concentrated on the similar
images or patches in a large remote sensing image. Different
query may need different feature sets. When adding the unla-
belled samples, some improvements are proposed in this paper,
and different classifiers are required to maintain coherence and
collaboration in selecting samples. Previous work in CBIR has
seldom considered this issue and we propose to co-train multi-
ple classifiers on different features and select the most appro-
priate feature sets for a specific query session by taking
consideration of the cooperation of multiple classifiers. In
addition, most of the previous work on SSL in CBIR employed
the relevance feedback technique, while the approach proposed
in this paper has better degree of automation without it. In the
next section, we will present the proposed algorithm in detail.
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3 CONTENT-BASED REMOTE SENSING IMAGE
RETRIEVAL ALGORITHM USING CO-TRAINING
OF MULTIPLE CLASSIFIERS

The principle of content-based remote sensing image retrie-
val using co-training of multiple classifiers is to train classifiers
respectively on some different feature sets. In this paper, four
feature sets are utilized to conduct co-training, which are divi-
ded into groups (color group and texture group), and jointly

determine the unlabelled samples in a manner of group decision.

All the classifiers used in this paper are k-nearest neighbor
classifiers, and some other kind of classifiers can also be em-
ployed, such as support vector machines (SVM), or the Bayes
classifier; however, it may increase the time costs of training.

The details of the algorithm are as follows:

(1) Divide the original remote sensing image into patches.
For content-based remote sensing image retrieval, it is neces-
sary to divide an image into patches reasonably and efficiently.
To avoid partitioning a target region into different patches, the
strategy of overlapped sub-block is adopted (Li & Ning, 2006).
The size of each patch is the same as the query sample, not
larger than 128, and the overlapped area between two patches is
width/2 by height/2 pixels. The purpose of doing so is that we
think when the user selects a sample image patch for query, the
size of this patch represents some typical land cover primitives
in the scene and by respectively constraining the width and the
height within the range of 128 pixels, we can avoid too rough
retrieval results induced by too large sub-images.

(2) Extract color features. Here we adopt the dominant color
histogram in the HSI space and Lab space respectively, since
these two color models can approximate the perception of human
beings and in the Lab color space, the Euclidean distance of
different colors coincide with our human perceptions (Gonzalez
& Woods, 2007).

(3) Conduct color quantization. In the HSI space, we quan-
tize H, S, and | into 12, 4, 4 intervals respectively, so there are
totally 192 bins in the HSI histogram. While in the Lab space,
we quantize the L, a, and b components into 4, 8, 8 intervals, so
that there are totally 256 bins in the Lab histogram.

(4) In order to remove the influence of noises, here we adopt
the dominant color descriptor (Manjunath et al., 2001). We
count the number of pixels of each bin respectively in HSI his-
togram and Lab histogram, and zero the bins whose number is
less than a given threshold T, (in HSI histogram) or T, (in Lab
histogram). The thresholds of T, and T, are determined adap-
tively on the basis of their own 0.9TAP (Total Amount of Pix-
els).

(5) Compute the texture features of each patch, which in-
clude the features derived from the co-occurrence matrix of
grey level (Haralick et al., 1973) and the texture features based
on Gabor filter (Manjunath & Ma, 1996). In the first category
of texture features, four of the features corresponding to our
human perceptions, i.e., consistency, entropy, contrast, and
correlation, are extracted. And the Gabor filter-based texture

feature is another set of widely adopted descriptor for texture
images and has been recommended for the MPEG-7 standard
(Manjunath et al., 2001). When computing the texture features
based on Gabor filter, the resolution has two scales and four
orientations, which are the orientations of 0°, 45°, 90° and 135°,
so the Gabor texture features are 16-dimensional (mean and
variance).

(6) Suppose that the positive training sets are “Labeled” (K)
(K is the size of the set, and initially it is constituted by the
examples selected by the user). Using the set of “Labeled” (K)
to construct four nearest neighbor classifiers respectively on the
four feature sets described in the last step.

(7) For all classifiers, each patch image for classification is
assigned a score which is one or zero. An image for classifica-
tion is given a score of one, if the distance between the positive
training set and its corresponding feature is smaller than a
threshold T; otherwise it is given a score of zero. During the
process of assigning a score, firstly, we divide the classifiers
into two groups, one is the color group (its feature sets are HSI
dominant color histogram and Lab color histogram), another
one is the texture group (its feature sets are co-occurrence matrix
of grey level and texture features based on Gabor filter). We
consider an unlabeled image as a positive example, if it gains
one score at least respectively in texture group and color group,
then we label it and put it into the set “Labeled” (K). If the size
of “Labeled” (K) stops increasing, the iteration stops. At this
moment, the samples in the set “Labeled” (K) are the resulting
positive sample images, otherwise the process goes to the 6"
step and continues learning till the size of “Labeled” (K) stops
expanding.

The distance D is defined as follows:

D=min D (ie[1, K]) (1)
where D; is the distance between the patch image for classifica-
tion and a training sample i (i[1, K]) in the set “Labeled” (k).

As the distance threshold T for each classifier is concerned,
it is dynamically determined as follows. First, we calculate the
distances DD;, je[1, M—K], between the image patches to be
classified and those positive samples in “Labeled” (K), M is the
total image patches in the image. Second, {DD;} are sorted in
increasing order and is denoted as {NDD;}. T is initialized as
NDD;. If the number of the selected image patches K is in [K,
Knl, then the current T is returned, otherwise T=NDDj.gep,
where “step” is an increasing variable until Ky is in the range of
[K, Ki]- Kj and K, is the minimum (maximum) number of sam-
ples permitted to be added to “Labeled” (K) in each round of
iteration. In this paper, K, =1 and K,=4. During this process, it
can be guaranteed that only few positive image patches are
added into “Labeled” (K), which are the most similar with the
samples in “Labeled” (K) in the color and texture feature space.

4 EXPERIMENTAL RESULTS AND ANALYSIS

In the experiment, we have selected four scenes of remote
sensing images to verify the validness of our algorithm, whose
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target areas are different type of land covers, such as regions of Table 1 Iteration number of retrieval using co-training of multiple
soil erosion, fishing ponds, and residential areas. Table 1 gives classifiers and statistics of selected features
the details on the statistics of selected features by each classifier [Times
; Hapati ; ; ; ; ; in_ - #(HSI)  #(Lab)  #(GLCM)  #(Gabor)
in the iterations. Fig. 1, Fig. 2, Fig. 3 and Fig. 4 give the retrie tertions 0l celected solecied selected
val results. _ Fig.1 7 14 19 10 16
As shown in Table 1, we can see that: .
. ) Fig.2 5 7 5 9 4
(1) For Fig. 1, its color scores reach the number of 33 fiu3 6 5 6 . 5
(19+14), which are 7 points higher than the number (26) of its 9
Fig.4 6 4 4 5 2

texture scores; while for Fig. 2, the scores of color and texture

(@) (b}

Fig. 1 Retrieval results of soil erosion area by co-training and CTRF
(The small rectangle with white lines on the top-right indicates the initial query, while the large area enclosed by white lines represents the final retrieval results.)
(a) Co-training; (b) CTRF

(a) (b)

Fig. 2 Retrieval results of residential areas by co-training and CTRF
(The small rectangle with white lines on the bottom-right indicates the initial query, while the large area enclosed by white lines represents the final retrieval results.)
(a) Co-training; (b) CTRF

(C)1994-2021 China Academic Journal Electronic Publishing House. All rights reserved. http://www.cnki.net
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(a)

(b)

Fig. 3 Retrieval results of soil erosion area by co-training and CTRF
(The small rectangle with white lines on the left-top indicates the initial query, while the large area enclosed by white lines represents the final retrieval results.)
(a) Co-training; (b) CTRF

(@)

(b}

Fig. 4 Retrieval results of fishing ponds area by co-training and CTRF
(The small rectangle with white lines on the bottom-left indicates the initial query, while the large area enclosed by white lines represents the final retrieval results.)
(a) Co-training; (b) CTRF

are almost the same. So, we can see that in Fig. 1 the role of
color information is more important than the texture, while in
Fig. 2 the role of color and texture are similar, which is consis-
tent with the visual perception of the images. Previous work on
the combination of color and texture features need to set the
weights of each other, however, in our method it naturally resolves
or bypasses this issue.

(2) Through the process of iteration, the unlabeled samples
score respectively in four features, and there are no patches

getting a score of zero. And it also shows that the features are
complementary for each other, which is an advantage of using
co-training: for a specific sample, one classifier perhaps can not
label it correctly, but another one can.

(3) In remote sensing CBIR, different feature sets are requi-
red for different scenes and land covers. In Fig.1, Fig.2 and Fig.
4, the selection of texture features are different. For example,
during the 7 iterations, the Gabor texture feature has been selec-
ted 16 times in Fig.1, while it is only selected 4 and 2 times in

(C)1994-2021 China Academic Journal Electronic Publishing House. All rights reserved. http://www.cnki.net
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Fig.2 and Fig.4 respectively. Hence, it can be observed that the
proposed method in this paper can select different feature sets
during the retrieval process by the co-training of multiple clas-
sifiers.

From Fig. 1—Fig. 4, we can see that the retrieval results are

satisfactory by using co-training of multiple classifiers (the
images have been scaled properly due to space limit of the paper).
Compared with the results of relevance feedback (CTRF),
which integrates color and texture features, the retrieval results
based on co-training in multiple classifiers are satisfying. For
Fig. 1 the retrieval performance of co-training is better than the
performance of CTREF, it is easy to see the purity of soil erosion
area in Fig. 1(a) is better than that in Fig. 1(b). For Fig. 2, the
retrieval results of CTRF is a little better than that of
co-training in multiple classifiers, and in Fig. 2(b) one more
residential area at the left bottom is retrieved by CTRF. In Fig. 3,
the retrieved area of soil erosion is smaller than CTRF, but has
a higher purity.

In fact, the two methods have their own advantages. The
user’s feedback is the greatest advantage of CTRF, and it is
guided by the user to a learning process and narrows “semantic
gap” through the help of human-computer interaction, as to
make two images similar to each other by decreasing the dis-
tance between the feature vectors, while the two images repre-
sented by initial low-lever features are not similar. As is shown
in Fig. 2, the urban residential area in the lower-left corner is
not visually consistent with the user’s initial training samples,
but it can be retrieved through the feedback of the user. How-
ever, there are some disadvantages of taking the user into the
learning process, the greatest of which is that human beings
have certain subjectivity, and different users may have different
understandings about the same image and then give different
relevance feedback. Meanwhile, the content-based remote
sensing images are more complex and versatile than the natural
images, so sometimes it is difficult for the user to determine if a
sample to feedback is a positive example or not. The approach
of co-training in the multiple classifiers is different, whose
greatest advantage is no need for human intervention, and it
exploits the inherent nature of low-level image feature vectors
fully, making the information of different features complemen-
tary for each other. Certainly, it also has some shortcomings,
such as it is less flexible than CTRF in certain situations. How-
ever, the retrieval performance of co-training of multiple classi-
fiers is satisfactory, and it has a higher degree of automation.

5 CONCLUSIONS

In this paper we propose a novel approach to remote sensing
CBIR using co-training of multiple classifiers, which aims at
tackling the small sample size problem in the target application.
We compare it with the retrieval method of CTRF through ex-
periments, and the CTRF method is the integration of color,
texture and relevance feedback. The results show that the two
methods have their own advantages and disadvantages, and

their retrieval performance is almost the same, but the method
of co-training of multiple classifiers avoids the need of human
intervention, and it exploits the inherent nature of low-lever
image feature vectors fully. Further, it makes the information of
different features complementary for each other, as to avoid the
tedious human feedback in the retrieval process and enhance
the degree of automation.

Currently, the features are divided into the color and the
texture group. Our future work includes extracting new features
for content-based remote sensing image retrieval and employ-
ing image segmentation technique to sketch out the target area
in the query sample roughly before submitting the query, as to
further improve the recall rate and the precision rate. During
our experiments, it is observed that the partition of the original
image is of great importance to the success of remote sensing
image retrieval. If the target land cover region is divided into
several small patches, it is of high probability that the target
will be missed as the ratio is too small in an image patch. So a
better partition scheme is also one of the issues to be resolved
in the future.
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12 S| 4 : HSI
192 (bin) Lab : L NDD;, T=NDDy, KoK,
4 ,a b 8 , Lab Kul, T T, T=NDD+step,
256 (bin) step , Koe[K), K]
4) , (Manjunath Ko , Ki, Ky,
, 2001) HSI Lab ,
bin N, N T,(HSI 1,4 4,8 [1, 4]
) Ty(Lab ) bin ) Koe[Ky, Ki] 4
T, T 90% , T
(5) :
(Haralick , 1973) Gabor :
(Manjunath & Ma, 1996) ,
, 4
4 , , 4
Gabor ( ,
Gabor ) ,
, MPEG-7 1
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D) 1, 33(14+
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( ) )
(a) Co-training ; (b) CTRF

2 Co-training
( , )
(a) Co-training ; (b) CTRF

(C)1994-2021 China Academic Journal Electronic Publishing House. All rights reserved. http://www.cnki.net
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(a) Co-training ; (b) CTRF
(b)
4 Co-training
( , )
(a) Co-training ; (b) CTRF
19), (26) 7T, ) : 4
) , 0
, ' ) , Cotraining
2 y

(C)1994-2021 China Academic Journal Electronic Publishing House. All rights reserved. http://www.cnki.net
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; 1 2
4 , 2  Gabor
7 16 2
4 Gabor , 4
: 1 2 4
1— 4 ,
CTRF(color
and texture-based relevance feedback) ,
Co-training
1 Co-training CTRF
, 1(a)
1(b) 2 CTRF
Co-training
3 Co-training
CTRF
, CTRF
2
Co-training
CTRF ,
Co-training ,
5
: Cotraining

CTRF )

, CTRF Cotraining

Co-training ,
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