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Abstract—In this paper, a change detection technique using
neural networks in active learning framework is proposed under
the scarcity of labeled patterns. In the present investigation, two
variants of radial basis function neural networks and a multilayer
perceptron are used as learners. Instead of training the network (or
ensemble of networks) with randomly collected labeled patterns, in
the proposed work, the network (or ensemble of networks)
is iteratively trained with label patterns, collected using the
query functions. Here, two query selection strategies are used:
uncertainty sampling and query-by-committee. In this way, the
most informative set of labeled patterns can be iteratively generated
by querying. To evaluate the effectiveness of the proposed ap-
proach, the experiments are conducted onmulti-temporal remotely
sensed images. The results obtained using the proposed active
learning framework are found to be encouraging.

Index Terms—Active learning, change detection, neural
networks.

I. INTRODUCTION

C HANGE detection is a process of detecting the temporal
effects of multi-temporal images [1]. This process is used

for finding out the changes in land covers over time by analyzing
the remotely sensed images of a geographical area captured at
different time instances. Changes can occur due to natural
hazards, urban growth, deforestation, etc. [1]. There are various
applications of change detection such as land use analysis,
monitoring urban growth, burned area identification, etc.

Change detection can be viewed as an image segmentation
problem, where two groups of pixels are to be formed, one for the
changed class and the other for the unchanged one. Process of
change detection can be broadly classified into two categories:
supervised [1] and unsupervised [2], [3]. Supervised techniques
have certain advantages such as they can explicitly recognize the
kinds of changes occurred and are robust to different atmospheric
and light conditions of acquisition dates. Having several ad-
vantages, the applicability of supervised methods in change
detection is poor due to mandatory requirement of sufficient
amount of ground truth information, collection of which is

expensive, hard, and monotonous too. On the contrary, in
unsupervised approach [2], there is no need of additional infor-
mation like ground truth. Due to the depletion of labeled patterns,
unsupervised techniques seem to be compulsory for change
detection. Unsupervised change detection process can be of
two types: context insensitive [1] and context sensitive [2].
Histogram thresholding [1] is the simplest unsupervised con-
text-insensitive change detection method which has the main
disadvantage of not considering the spatial correlation between
the neighborhood pixels in the decision process. To overcome
this difficulty, context-sensitive methods using Markov random
field (MRF) [4] are developed. These techniques also suffer from
certain difficulties such as requirement of selection of proper
model for statistical distribution of changed class and unchanged
class pixels. On the contrary, change detection methodologies
based on neural networks are free from such limitations. The
work along this direction is being carried out employing the
neural networks for change detection both using the supervised
and unsupervised learning [2].

As mentioned earlier, the applicability of supervised ap-
proaches in change detection is very rare. This is mainly due
to the dependency of the supervised methods on traits of the
available labeled patterns. This inadequacy of labeled informa-
tion can be handled in two ways: semi-supervised learning [5]
and active learning [6]. Both the learning approaches attack the
same problem by following different roadways. If the labeled
patterns are collected without any guidelines then it might be
possible that these costly labeled patterns will not increase
the training accuracy. This is due to the fact that the set of
training patterns may consist of redundant samples. In turn, such
labeled patterns may increase the time consumption of the
training algorithm. Both semi-supervised learning and active
learning avoid this problem by starting the learning algorithm
with a few labeled patterns. Afterward, in semi-supervised
learning, the “most confident” unlabeled patterns are iteratively
included in the training process; whereas, in case of active
learning, some of the “most confused” patterns are repeatedly
collected from the pool of unlabeled patterns using the well-
defined query function and the collected patterns are labeled by
the supervisor. Research work [7] has been found in the literature
to explore the impact of semi-supervision using neural networks
for improving the performance of change detection algorithms.
As per the knowledge of the authors, no such application exists in
change detection domain in the direction of active learning. This
motivated us to explore the capacity of neural networks
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embedded with active learning framework to improve the per-
formance of change detection process.

The concept of active learning [6], [8], [9] mainly involves
query-based algorithm development. Here, the learner repeated-
ly creates some informative queries during learning. There is a
human annotatorwho gives the answer to some of the queries and
the learner refines its knowledge based on these answers. Using
its present state of knowledge, the learner may again query about
some more samples. The learner can query about a sample at a
time (i.e., stream-based selective sampling) or a pool of samples
at a time (i.e., pool-based sampling). Diversity in the field of
active learning mainly lies in designing a variety of query
functions. Uncertainty sampling [10] is a well-known and
straight forward query strategy in active learning. It is commonly
used for probabilistic learning models. Here, the learner can
originate a query about the sample for which it is most confused
about the label. Another interesting approach is query-by-
committee strategy [11]. Here, the learner makes a query about
the samples for which the committee members have extremely
disagreed upon the labeling. Apart from these well-known
approaches, some decision-theoretic approaches also exist in
the literature [12]. Applications of active learning are found
mostly in the area of natural language processing [9] and remote
sensing [13].

In the proposed method, a binary change detection technique
is evolved using the two variants of radial basis function
(RBF) neural networks [14], [15] and multilayer perceptron
(MLP) [14] under active learning platform.Here, two approaches
of query selection are used: uncertainty sampling and query-by-
committee. In the first approach, training of the network is
initially carried out with a few randomly collected labeled
patterns. After convergence of the training, rest of the patterns
are tested with the network (trained) to estimate the support
values in both the classes. Then, a pool of patterns are obtained
from these patterns using the uncertainty sampling-based query
strategy. Here, the patterns for which the estimated support
values are nearer to 0.5 are treated as the “most confusing”
patterns to the learner. Now, there is an active participation of the
supervisor who has a knowledge about the labels of some of
these confusing patterns. In turn, the supervisor helps to grow the
set of labeled patterns using the query of the learner. The network
is trained again with the new set of labeled patterns. In this
way, the group of the “most informative” labeled patterns can
be obtained. Here, two variants of RBF neural networks
[i.e., simple RBF neural network and elliptical basis function
(EBF) neural network] and MLP are individually used for
investigation.

In thesecondapproach, insteadofusingasingleneuralnetwork
under active learning framework, a committee has been created
using different neural networks. In the present experimentation,
two neural networks (i.e., MLP and EBF) are used as committee
members. At the onset, these are individually trained with a few
randomly collected labeled patterns. After convergence, the rest
of the patterns are tested using both the (trained) networks to
predict the support values in both the classes (changed and
unchanged). Then the patterns for which the neural networks
disagree about the class assignment (in terms of maximum
estimated support value) are treated as the “most confusing”

patterns. In turn, the “most confusing” patterns are labeled by
human annotator and are included into the previous set of the
labeled patterns. The ensemble network is trained iteratively by
using the new set of labeled patterns until it reaches a prespecified
step size. Finally, for each of the patterns, the outcome (i.e., the
support values in both the classes) of both the neural networks are
fused using “average” [16] combination rule.

To assess the effectiveness of the proposed method, experi-
ments are carried out on multi-temporal and multi-spectral
images. Here, a comparative analysis has been carried out
between the performances of different neural networks (i.e.,
MLP, RBF, EBF, and ensemble of MLP and EBF) under two
different active learning strategies. The results obtained using the
proposed active learning techniques are also compared with
those of the supervised RBF [14] and MLP (i.e., trained using
the labeled patterns collected by the random sampling method)
and the semi-supervised change detection technique using MLP
[7]. By analyzing the results, it has been found that the proposed
techniques are better suited for change detectionwhen only a few
labeled patterns are available.

II. THE PROPOSED ALGORITHM

In the proposed technique, two different active learning
approaches are incorporated with the training of neural networks
and used for the improvement of change detection. Here, a few
labeled patterns are required to start the initial training. These
labeled patterns can be collected in many ways. In the proposed
method, for experimental purpose, an equal amount of labeled
patterns, from both the classes (changed and unchanged), are
picked up randomly from the ground truth. For the labeled
patterns, the target values are assigned to either [1,0] or [0,1]
depending on their class labels. Detailed description of the
proposed change detection technique is presented in the subse-
quent sections.

A. Uncertainty Sampling-Based Active Learning for Change
Detection

As already mentioned, in the present work, three different
neural networks, namely RBF neural networks, EBF neural
networks, and MLP are used individually for change detection
under uncertainty sampling-based query framework. Details of
the proposed active learning-based change detection technique
are given below.

1) Initial Training and Support Value Estimation: The
neural network is initially trained with a few randomly
collected labeled patterns. After convergence of training of
the network, each of the remaining patterns (excluding the
present labeled patterns) is passed through the network
(trained) to predict the output values (or, the support values)
for both the classes. Let, be
the two degrees of support, estimated by the neural network,
where and are the support values (i.e., the
output values) of the ( )th pattern in the unchanged and
changed classes, respectively. A pattern is more likely to belong
to the class for which its support value is higher. For each of
the ( )th patterns, we normalize each component of the
support value such that . The
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th component of the support value is normalized as
follows:

2) Labeled Pattern Collection: In the proposed work,
the learner network repeatedly poses query about some of the
patterns. Here, the query function is designed using the concept
of uncertainty sampling [10]. The patterns for which the
estimated support values are within an range of 0.5 are
treated as the “most informative” patterns for training. Here,
is a small positive quantity which has been set depending on the
data set. It is obvious that the network is highly confused about
the label assignment for these patterns, and there is a role of the
supervisor. The supervisor now assigns the label to some of the
selected patterns. For experimental purpose, in the present work,
the collected patterns are labeled using the ground truth
information. These selected patterns are included in the set of
labeled patterns.

3) Iterative Training of the Neural Network: After the
selection of “most informative” labeled patterns, learning of
the network is carried out again using the present set of labeled
patterns. After convergence of the training, the network again
generates some more queries using its present state of
knowledge. Training of the network and collection of the
labeled patterns are iteratively carried out until the number of
training steps exceeds a prespecified step size. Out of all the
selected confusing patterns in each training step, the number of
patterns which are labeled by the supervisor is kept fixed at a
prespecified batch size.

B. Query-by-Committee-Based Active Learning for Change
Detection

In the present work, we have also demonstrated an application
of ensemble of neural networks (i.e., MLP and EBF) under the
query-by-committee active learning strategy in the field of
change detection. Description of the proposed technique is given
as follows:

1) Initial Training: At the beginning, the individual neural
networks are trained using a few labeled patterns only. At
convergence, the rest of the patterns are passed through both
the (trained) network to estimate the support values in both the
classes (changed and unchanged). Let

be the two degrees of support, estimated by the th
neural network, where and are the support
values of the ( )th pattern in the unchanged and changed
classes, respectively.

2) Labeled Patterns Collection: As already mentioned, in the
present investigation, two neural networks are used. Here, the
patterns, for which two neural networks disagree about the class
label estimation, are considered as “most confusing” ones. This
means that for the “most confusing” pattern, two different neural
networks estimate the maximum support value in two different
classes. Now, a human annotator gives label to some (with

prespecified batch size) of the “most confusing patterns” and
these newly labeled patterns are incorporated into the set of
labeled patterns.

3) Iterative Training: Then the ensemble network is trained
again with the present set of labeled patterns. After convergence,
some of the informative labeled patterns are collected using
the disagreement between the neural networks in ensemble.
The collection of labeled patterns and training of the
ensemble network are continued iteratively until it reaches a
prespecified step size. Finally, the outcome (i.e., the support
value in both classes) of different neural networks is fused using
the average combination rule [16].

C. Generation of Input Patterns

As already mentioned in Section I, to carry out change
detection process, image comparison is performed, pixel-by-
pixel, to generate a difference image (DI) which is used for
further analysis. is pro-
duced by change vector analysis (CVA) technique [1] from two
co-registered and radiometrically corrected spectral band
images and of size of the same geographical area
at different times and . From DI, the input pattern for a
particular pixel position is generated by considering the gray
value of the said pixel and those of its neighboring ones to exploit
(spatial) contextual information from the neighbors. In the
present methodology, the second-order neighborhood system
[7] is used. Here, each input pattern consists of two features:
1) gray value of its own and 2) average of the gray values of its
neighboring pixels including its own. The -dimensional input
pattern of the ( )th pixel position of DI is denoted by

. Here, the number of features
(i.e., ) of the input patterns is chosen experimentally and a
mapping algorithm is used to normalize the feature values of the
input pattern in [0, 1].

D. Architecture of the Neural Networks Used in Background

As already mentioned, in the proposed methodologies, three
neural networks are used. A brief description of these neural
networks is given as follows:

1) RBF Neural Network: The RBF [14] neural networks are
widely used [17] in various domains of pattern recognition.
Generally, a basis function of RBF uses the diagonal
covariance matrices and an identical parameter to control the
spread of all the basis functions. Throughout this paper, this
version of radial basis function neural network is abbreviated as
RBF. The network consists of three layers: one input layer, one
hidden layer, and one output layer. For each feature of the input
pattern, there is a neuron in the input layer. The center of each
basis function is initialized by the mean value of the labeled
patterns from the corresponding class and the centers are kept
fixed for each training step. There are as many neurons in the
hidden layer as the number of basis functions and no weighted
connection is present between the neurons in the input layer and
the hidden layer. In the presentwork, only two basis functions are
used corresponding to both the changed and unchanged classes.
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Each of the labeled patterns is fed to each of the th hidden
neuron (here, ) and the output value from the th
basis function, is calculated as follows:

Here, the spread of all the Gaussian RBFs is denoted by and
is fixed at

where is the maximum distance between the centers. For
each of these classes, there is a neuron in the output layer and
(where ) denotes the number of output neurons. A fixed
unit bias is applied to every neuron in the output layer. There is a
weighted connection between each neuron in the output layer to
each neuron in the hidden layer including the fixed unit bias.
Here, the network is trained by updating the weights using the
least mean square (LMS) algorithm [14] to minimize the sum of
square error between the target value and the predicted output
value of input patterns. The structural representation of RBF
neural network is given in Fig. 1.

In case of this simple RBF, higher performance can be
achieved for the case of simple input data distribution. In case
of complex distributions, more basis functions are required to
cover the whole input region. To overcome this drawback, a
variant of RBF, namely the EBF neural network [15], can be
used.

2) EBF Neural Network: The EBF neural network [15] uses
the full covariance matrix to improve the performance of the
conventional RBF network with a few basis functions. In this
paper, this variant of neural network is abbreviated as EBF. Here,
the network architecture is similar to the previously mentioned
architecture of RBF. But the output value from the th basis
function for each of the labeled patterns is
calculated as

where and are the center and the covariance matrix of
the th basis function, respectively. is used as a smoothing
parameter for controlling the spread of the th basis function. In
the present work, a heuristic method has been suggested to
calculate as

where is the set of number of labeled
patterns belonging to the th class.Here, theweighted connection

between a neuron in the output layer and each of the neurons in
the hidden layer is updated using LMS [14] in a similar way as
described earlier. During the iterative active learning process, in
case of both the variants of the RBF, the centers of all the basis
functions are updated and in case of EBF, covariance matrices
and smoothness parameters are also updated using the present set
of labeled patterns.

3) Multilayer Perceptron: An MLP [14] has one input layer,
one output layer, and one or more hidden layers. It is trained by
updating the weights using the backpropagation algorithm [14]
to minimize the error between the target value and the predicted
output value of the patterns. Let be the number of layers in the
network and the th neuron in the th layer ( ) receives a total
input of the form from ( )th layer. Then, the th
neuron in the th layer ( ) produces an output of the form

.

III. DESCRIPTION OF DATA SETS

To establish the effectiveness of the proposed methodology,
experiments are carried out on three multi-temporal remotely
sensed images corresponding to the geographical areas of Mex-
ico, Sardinia Island of Italy, and the southern part of the
Peloponnesian Peninsula, Greece. In this paper, results obtained
using the Mexico data set is presented for typical illustration. A
brief description of the corresponding data set is given as follows:

This data set [7] consists of two multi-spectral images of the
Landsat-7 satellite captured by the Landsat Enhanced Thematic
Mapper Plus (ETM+) sensor over an area of Mexico taken on 18
April, 2000 and 20May, 2002. From the entire available Landsat
scene, a section of pixels has been selected as test site.
A fire destroyed a large portion of the vegetation in the consid-
ered region between the two acquisition dates. Fig. 2(a) and (b)
shows the band 4 images corresponding to April 2000 and May
2002, respectively. The DI [Fig. 2(c)] created by spectral band 4
using theCVA technique is only used for further analysis. For the
evaluation of the proposed approach, a reference map [Fig. 2(d)]
was used. The reference map contains 25 599 changed and 236
545 unchanged pixels.

Fig. 1. Structural representation of RBF neural network.
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IV. RESULTS AND ANALYSIS

To assess the effectiveness of the proposed methodologies,
experiments are conducted on multi-temporal remotely sensed
images. As already mentioned, in the proposed work, two
variants of RBF and MLP (i.e., named as active RBF, active
EBF, and active MLP) are trained with the labeled patterns
obtained using the uncertainty sampling-based active learning.
We have also used an ensemble of neural networks under query-
by-committee approach (i.e., named as QBC MLP-EBF) for
further improvement of change detection. Performance of these
are compared with those of two variants of RBF and MLP,
trained with the same number of randomly collected labeled
patterns (i.e., named as RS RBF, RS EBF, and RS MLP). Using
the same amount of labeled patterns for initial training, the
performance of the proposed approach is also compared with
the semi-supervised change detection technique usingMLP (i.e.,
named as semi-MLP) [7].

The architectures of the two variants of RBF neural networks
are already described in Sections III-B and III-C. These archi-
tectures are chosen experimentally. As already mentioned, the
center of each basis function is initialized by the mean value of
the labeled patterns from the corresponding class. Here, we have
a few labeled patterns from both the classes (changed and
unchanged). Under this situation, if the number of basis functions
is increased (more than two) then it may be possible that the
initialization of the centers and covariancematrices is not proper.
This may be due to the scarcity of patterns (labeled) in case of
some of the groups (corresponding to each of the basis func-
tions). To avoid this bottleneck, if the unlabeled patterns are
considered for grouping, it has been observed that the perfor-
mance of the proposed approach is degraded. Under this cir-
cumstance, if we increase the number of features (more than two
as there are two basis functions in the hidden layer), this will
decrease the accuracy. The reason may be the violation of
“Cover’s theorem” [14], i.e., if a pattern-classification problem
is transformed nonlinearly into high-dimensional space then this
is more likely to be linearly separable than in a low-dimensional
space. In the present work, we are not able to map in higher
dimensional space [but in equal (two) dimensional space] due to
the constraint on the number of basis functions.

Performance measuring indices such as number of
missed alarms (changed class pixels identified as unchanged

ones—MA), number of false alarms (unchanged class pixels
classified as changed ones—FA), number of overall error (OE),
and Kappa measure (Kappa) are used for evaluating the
results. For comparative analysis, the average values (over 11
simulations) of all the performance measuring indices are con-
sidered. For experimentation, a few labeled patterns are required
to start the initial training. Here, in case of all the data sets, 0.1%
training patterns are considered for the initial training. The
number of initial training patterns, batch size, and training step
size, used for Mexico data set during experimentation of the
proposed active learning framework, is kept fixed at 261, 20, and
10, respectively.

The graph for average OE using Mexico data set with increas-
ing number of labeled patterns using seven different methods is
depicted in Fig. 3. From this graph, it is noted that the perfor-
mance of EBFwith a few (randomly collected) labeled patterns is
significantlyworse than those of the RBF. As alreadymentioned,
EBF uses full covariance matrix and different spreads for
different basis functions; due to this fact, the network is required
to estimate more parameters than the simple RBF. For more
accurate estimation of these parameters, it requires sufficient
number of labeled patterns. But, in the present investigation, we
have a few labeled patterns. So the simple RBF gives better
performance than EBF. It is also found that the two variants of
RBF, trained with the labeled patterns collected using the

Fig. 2. Images ofMexico area: (a) band4 image acquired inApril 2000, (b) band4 image acquired inMay2002, (c) correspondingDI generated byCVA technique, and
(d) a reference map of the changed area.

Fig. 3. Graph showing the average OE with RS RBF, RS EBF, active RBF, and
active EBF using the increasing number of labeled patterns for Mexico data set.
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proposed active learning approach outperform the corresponding
neural network, trained with the randomly collected labeled
patterns. The betterment is more prominent with the active EBF
than the active RBF, although the RS RBF produces worse
performance than theRSEBF. The probable reason behind this is
that the labeled patterns collected by the proposed active learning
approach provide more accurate estimation of the parameters of
EBF. Performance of active MLP is also better than those of the
RS MLP, RS EBF, and RS RBF. It is also noted that the results
obtained using QBCMLP-EBF are either better than or closer to
those obtained using active EBF. From this observation, it can be
said that the labeled patterns obtained using the active learning
approach, although a few, are the “most informative” ones in
terms of quality.

The results for Mexico data set are given in Table I, using all
the performancemeasuring indices under consideration.Here the
results obtained using all the four active learning strategies (i.e.,
active RBF, active EBF, active MLP, and QBC MLP-EBF) and
three random sampling-based approaches (i.e., RS EBF, RS
RBF, and RS MLP) at the final training step are taken into
consideration and for all the methods, 0.1% training patterns are
used to start the initial training. The results obtained using the
neural networks with the proposed active learning strategies are
comparedwith those obtained using the semi-supervisedMLP (i.
e., semi-MLP) with 0.1% training patterns.

In Table I, it has been noted that in terms of most of the
measuring indices except the number of missed alarms that for
the random sampling approach, the performance of EBF is
significantly worse than those of RBF, whereas EBF under the
active learning framework outperforms the corresponding Ac-
tive RBF. This also corroborates our earlier observation. The
performance of active MLP is better than those of the RS MLP,
RS RBF, and active RBF in terms of the number of OE, the
number of missed alarms, and Kappa measure. For all the
measuring indices, activeMLP outperforms the RS EBF; where-
as active EBF is better than active MLP in most of the measuring
indices except for the number ofmissed alarms. The performance
of QBCMLP-EBF is better than those of the active EBF in terms
of the number of missed alarms, the number of OE, and Kappa
measure. It is also observed that the results obtained using the
active RBF are worse than those obtained using the semi-
supervised MLP in terms of the number of false alarms and the
number of OE; whereas, the performance of active EBF, active
MLP, and QBC MLP-EBF are significantly better than those of
the semi-supervised MLP in most of the cases except the case of
the number of false alarms.

In the active learning framework, the supervisor who has
knowledge about the labels of some of the confusing patterns is
required. However, this information is often absent in case of the
remotely sensed images. Consequently, the “most confusing
patterns” may be wrongly labeled by the supervisor. In the
present investigation, to assess the robustness of the proposed
method, we have performed the experiments for the proposed
active learning methods using some wrongly labeled confusing
patterns also. For typical illustration, we have displayed the
results obtained using the proposed active learning approaches
(with 0.1% labeled patterns for initial training) at the final
training step where in each training step, 10% training patterns

of total batch size are wrongly labeled. The corresponding results
for Mexico data set is depicted in Table II. It has been observed
that the proposed active learning approaches even with wrongly
labeled patterns perform better than the corresponding random-
sampling-based methods and the semi-supervised method in
most of the cases.

V. CONCLUSION

In this paper, neural networks under an active learning frame-
work are used for change detection of remotely sensed images.
By a comparative analysis, it has been concluded that the
proposed active learning approaches have an edge over the
semi-supervised method and a random sampling approach for
the problem of change detection when a few labeled patterns are
available. In future, we will try to find out the best active learning
strategy that can be naturally embedded in the neural network
framework.
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