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Change detection is the amount of changes that can guide to more concrete understandings into essential
method concerning land cover, land usage and ecological variations. This paper deals with an intelligent
methodology to optimize the solution out of the solution space that improves the efficiency of the change
detection process. To support the theme, an integrated semi-supervised method is designed with a focus
on image fusion, semi supervised clustering and binary swarm based optimization. A new approach of
handling fusion using sparse coding is referred to expand the amount of information. Using the extracted
information, change detection process is carried out by a constrained clustering technique to provide a
solution reflecting the level of changes occurred in the region of investigation. To improve the accuracy
by proposing a global optimum solution, still the result is refined through binary swarm based optimiza-
tion process and hence the results are accelerated towards the increased level of accuracy followed by
which the change map is reconstructed to show case changes prominently. To determine the accurate-
ness of the proposed methodology quantitative and qualitative analysis has been done with different
datasets. The proposed method has been evaluated with existing techniques such as k-means, AKM,
FCM, ECKM and ASCC to show the efficiency and proved to be the preeminent change detection method-
ology compared to the state-of-art methods.
� 2018 Production and hosting by Elsevier B.V. on behalf of King Saud University. This is an open access

article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction mental and urban changes, the issues are very difficult to address.
Change detection is a process of detecting the changes in the
state of an object or phenomenon by observing it at different times
(Singh, 1989; Bottomley, 1998). The changes in an image may be
due to shape, movement, occurrence or desertion of an object.
Especially, in the remotely sensed images, it is helpful in map
apprising, land use analysis, monitoring shifting cultivation, urban
planning, deforestation assessment, disaster monitoring, thermal
analysis of day & night, tracking urban and economic growth.
The complexity involved in the applications leaves great challenges
in the change detection. Especially when dealing with environ-
Irrespective of all difficulties, one of the popularly adapted tech-
nologies to address the issue is remote sensed image processing
composed of enhancement, image comparison and image analysis.
Many dynamic attempts had been carried out towards the change
detection of remotely sensed images. Most of the approaches fall
under the category of supervised or unsupervised methods that
use multi-temporal datasets to qualitatively analyse the temporal
effects and measure the changes. The methodology is adopted
either fully or partially on the sub processes such as enhancement,
fusion, spatial difference identification, post classification and
change map formulation. The general objectives of change detec-
tion in remote sensing include recognizing the environmental
locality and type of changes, measuring the changes, and calculat-
ing the accurateness of change detection. Ultimately, the main mis-
sion of change detection is to identify and recognize the changes in
multi-temporal multispectral Landsat images of the same geo-
graphic area acquired at different timings.

Several evolutionary computing based optimization techniques
are used to optimize the solution out of solution space. One of the
most widely used techniques is the particle swarm optimization.
Particle swarm optimization (PSO) is a computational method that
tion for
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Fig. 1. Overall block diagram of Change Detection Process.
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enhances a problem by iteratively trying to develop an optimal
solution with regard to a given degree of quality. It is a global opti-
mization method to provide a best solution when dealing with
problems which can be represented as a point or surface in an n-
dimensional space. It is an effective and popular optimization
method to explore the optimal solution in the search space prob-
lems. Keeping this scope, an efficient method and a cost function
to optimize the change detection process accurately is envisioned.
Thus, working with change detection of remote sensed images,
where a huge number of iterations are required to find the final
change detection mask or optimal result is alleviated with the
introduction of this efficient methodology.

The organisation of this paper is as follows. Section 2 presents
some of the related works and the gaps identified. Section 3 gives
an outline of the methodology adapted and describes the proposed
system in detail. In Section 4, description about dataset, experi-
mental results and discussion are described. Performance evalua-
tion of results for change detection are analysed in Section 5.
Finally, Section ‘‘References” draws the conclusions of this work.
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2. Related work

Remote sensing is the process of collecting information using
sensors which are not in physical contact with surfaces and phe-
nomenon of interest, which provides details about earth surfaces
and phenomenon. Remote sensing includes the choice of sensors,
the reaction, recording and processing of signal data and finally
the analysis of the subsequent data. The varieties of remote sensing
methods existing are such as aerial photography, multispectral,
active and passive microwave. The information content of a single
image is limited by the spatial and spectral resolution of the imag-
ing system. In spite of all the difficulties, the remote sensed images
are analysed frequently for a variety of applications ranging from
Land cover classification, Change Detection, Water Quality Moni-
toring, Measurement of sea surface temperature, Snow survey,
Monitoring of Atmospheric Constituents to Geological Interpreta-
Binary Change
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Image
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Fig. 2. Optimization of Change Map using BPSO.
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tion (Lal and Anouncia, 2015b). Among these applications, with
the advent of the high spatial resolution satellite images, the
change detection using multispectral multi-temporal Landsat
images has been an important field of research. Nielsen (2007) pro-
posed a multivariate alteration detection (MAD) method for
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Fig. 3. Flow Diagram for Binary PSO.
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change detection in multi-temporal remote sensing images. Xian
et al., (2009) used CVA for change detection with other techniques
such as MAD to normalize and classified the changes using tree
methods. Wu et al., (2017a) has concentrated on post classification
using Iterative slow feature analysis and Bayesian soft fusion to
obtain reliable and accurate change detection maps. Wu et al.,
(2017b) has proposed a novel method using kernel new feature
analysis and a post classification fusion is done to identify the tran-
sition type. In order to improve the dependability for extracting
remotely sensed information, and enhance the efficiency of change
detection, the process is carried out through common image pro-
cessing tasks such as image enhancement followed by image com-
parison, region detection and analysis. In some cases, due to
limited convergence towards accuracy, some of the optimization
techniques also had been employed along with image processing
mechanisms to provide effective result.

Generally the clustering approaches only locate the important
changes between two multispectral images and have deficiency of
adaptableness and flexibility to attain feeble changes. Therefore,
computational methods are required to find optimum outcome by
obtaining both feeble and robust changes on the difference image.
To attain an optimal outcome, Celik (2010) proposed unsupervised
change detection on the difference image by an optimization
approach using Genetic Algorithm (GA). This method is based on a
fitness functionwhichminimizes according to the difference image.
GAwas designed to create elements of binary change images which
are iteratively progressed to the final change detection mask. This
method successfully produced the change detection result on the
difference image without a previous conventions. Particle Swarm
Optimization (PSO) is another effective computational based opti-
mization method for searching the optimal solution in the search
space problems. A swarm based unsupervised change detection
for remotely sensed images are proposed by Dai et al. (2010). In
order tooptimize thechangedetectionproblemefficiently andaccu-
Fig. 4. (a) Landsat 5 image recorded on 12 October 1984 of Huelva, Spain. (b) Landsat 8 im
October 24, 1984 of Dead Sea, Israel. (d) Landsat 8 Image Acquired on October 27, 2014
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rately an effective optimization method has to be applied. PSO per-
forms optimization based on a swarm of particles. Swarm based
optimization has been widely used in different problems such as
image enhancement (Braik et al., 2007), face and iris recognition
(Ramadan and Abdel Kader, 2009), feature extraction (Xue et al.,
2012), image coding (Kusetogullari, 2015) and remote sensed image
classification (Solimanet al., 2012). Changedetectionwith less noise
using PSO has been proposed by Sagnika et al. (2015). The method
has produced better accuracy with minimal noise. A Parallel Binary
Particle Swarm Optimization (PBPSO) unsupervised approach for
change detection in multi-temporal multispectral images has been
proposed by Kusetogullari et al. (2015). The approach provides bet-
ter convergence and detection performance through parallel pro-
cessing. Change detection using particle swarm optimization in
spherical coordinates has been proposed by Yavariabdi et al.
(2017) which provides less error than the existing methods. Thus
an optimization process is attempted to reach the global optima
using Binary Particle Swarm Optimization (BPSO).

Based on the evaluations of the existing systems the change
map formulated as a resultant of change map detection process
has been less evaluated to provide the optimum solution. It was
also identified that the search over the spatial data of remote
sensed images for change detection is tedious and time consuming
as it is difficult to interpret and label change information. In order
to overcome these issues an intelligent methodology to c which
improves the efficiency of the change detection process.

3. Methodology

An intelligent methodology is designed with a focus on image
fusion, semi supervised clustering and binary swarm based opti-
mization to improve the efficiency of the change detection process.
The overall blockdiagramof the changedetectionprocess adapted is
shown in Fig. 1. The process startswith a pre-processing followed by
age recorded on 12 August 2014 of Huelva, Spain. (c) Landsat 5 Image Acquired on
of Dead Sea, Israel.
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integrated sparse and semi-supervised technique known as ASCC
(Lal and Margret Anouncia, 2017) for finding the change detection
mask. In order to obtain a global optimum solution an intelligent
methodology has been adapted with binary particle swarm opti-
mization to further optimize the change detection mask.

A newapproach of handling fusion using sparse coding is devised
to expand the amount of information (Lal and Anouncia, 2016).
Using the extracted information, change detection process is carried
out by a constrained clustering technique to provide a solution
reflecting the level of changes occurred in the region of investiga-
tion. Thus, the analysis towards the suitability of region detection
methods pushed to a decision of choosing ASCC as a better method-
ology to performchange detection in themulti-temporalmultispec-
tral images. However, the solution obtained through these
clustering is the minimization of the objective function, so that it
is clear that it would reach only local maxima. In case of change
detection in remote sensed images, this may not provide the
required accuracy as the minor changes in the region may not be
revealed. Hence, it is required to optimize the solution so that all
thepossible changes are reflected in the changemap tomake change
detection effective. One of the feasible approaches to carry such pro-
cess is applying the binary change map obtained as result of region
detection for optimization so that the global maximum is achieved.
Thus the process demands to use evolutionary approaches that lead
to fulfil the objective of reaching global maxima. The popular meth-
ods that converges solution to global maxima is PSO.

3.1. Particle swarm optimization

PSO is a computational optimization technique which performs
based on the association and shrewdness of swarms. It involves a
number of agents (particles) that create a swarm, moving around
in the search space, looking for the global best solution. In this case,
each particle can communicate to each of the other particle and
thereby a fully connected network is formulated. Of course, each
particle is attracted to the best particle out of entire swarm. Hence,
this kind of approach is well suited for discrete optimization. One
of the areas where the discrete optimization takes a prime role in
the remotely sensed images is the change detection process. Espe-
cially, in the case of detecting changeshappened in a regionbetween
time stamps T1 and T2, it is required to determine the changes hap-
pened in the whole area in terms of discrete regions if present.
Hence, an appropriatemethod is needed to find such changeswhich
maybe considered to be the global bestwith respect to that regionof
interest. Since the change map formulated is in the binary format,
the process is carried out using binary particle swarm optimization.
The optimization of the change map obtained using binary particle
swarm optimization is shown in Fig. 2.

3.2. Binary particle swarm optimization

BPSO is a variant of PSO that is designed to handle discrete opti-
mization problem. According to this method, each particle is
assumed to be present in binary format. It differs from PSO in
updating the particle using current velocity than by combining
velocity and current position as in PSO. Due to this, it is always
noted that the search space is based on the current velocity only.
Hence position is not an issue, yet the method updates the velocity
towards the pbest and gbest. Considering the accelerating concept,
the change detection is approached.

Initially, a binary change detection mask is obtained by using
the Adapted Sparse Constrained Clustering (ASCC) method (Lal
and Margret Anouncia, 2017). The ASCC method would generate
a change map with significant changes in the multi-temporal
images. The post processing using the BPSO is expected to increase
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the convergence rate and minimizes the error in finding the final
change detection mask. The method operates by considering the
created initial solution for searching the optimal solution. The
other populations are created randomly using the initial solution.
Thus the particle is assumed to move towards the gbest and once
the specified convergence is met, it is assumed that the gbest is
achieved.

Thus, the change map formulated after applying BPSO will have
changes projected prominently to result in improved visual effect
on the change map.

The process followed is shown in Fig. 3.
The procedure adopted in the case of optimizing the solution

space of c as follows:

Input: Initial particle is the binary change map formulated using
ASCC

Output: Final Change detected image
u
au
lti-temporal
d University
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Initialize the populations with random positions and
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multispectral
– Computer
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X
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4
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each particle as,
vel ¼ v i þ a1 � rand1 � pbest � sið Þ

þa2 � rand2 � ðgbest � siÞ
sta ¼ si þ vel
Check for stopping criteria

If stopping criteria is achieved

Stop

Else

Continue
Until convergence
In the designed BPSOmethod N0 and N1 are the number of elements
in the set S0 and S1 respectively. S0 denotes the number of elements
in the current mask representing 0 and S1 denotes the number of
elements in the current mask representing 1. The mean of sets S1
and S2 will be are represented in Eqs. (1) and (2) ,

mean S0ð Þ ¼ 1
N0
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�

X
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mean S1ð Þ ¼ 1
N1

� �
�

X
8 i;jð Þ2S1

ADM i; jð Þ ð2Þ

where, ADM is the difference image created using Absolute differ-
ence method. The updation of state and velocity is based on the ran-
dom variables ‘rand1’, ‘rand2’ and learning factors ‘a1’ and ‘a2’ of
local and global information.
(a)

(c)

(e)
Fig. 5. Change detected via various methods with fusion for Huelva data set. (a) Chang
using FCM. (d) Change Detection using ECKM. (e) Change Detection using ASCC. (f) Cha

Please cite this article in press as: Lal, A.M., Anouncia, S.M. Modernizing the m
global maxima through binary particle swarm optimization. Journal of King S
org/10.1016/j.jksuci.2018.10.010
4. Experimental results and analysis

4.1. Datasets

The developed framework is evaluated using two different data
sets. Data Set 1 is the Original Landsat 5 image recorded on 12
October 1984 from Huelva, Spain and Original Landsat 8 image
(b)

(d)

(f)
e Detection using K-means. (b) Change Detection using AKM. (c) Change Detection
nge detected using EASCC.

ulti-temporal multispectral remotely sensed image change detection for
aud University – Computer and Information Sciences (2018), https://doi.

https://doi.org/10.1016/j.jksuci.2018.10.010
https://doi.org/10.1016/j.jksuci.2018.10.010


6 A.M. Lal, S.M. Anouncia / Journal of King Saud University – Computer and Information Sciences xxx (2018) xxx–xxx
recorded on 12 August 2014 from Huelva, Spain of size 512 � 512.
Data set 2 is Original Landsat 5 image acquired on October 24,
1984 form Dead Sea and Landsat 8 image acquired on October
27, 2014 from Dead Sea of size 512 � 512.

Having identified the two study areas, Two images of the study
area 1 say Huelva, Spain acquired as Landsat 5 image recorded on
12 October 1984 and Landsat 8 image recorded on 12 August 2014
as shown in Fig. 4 (a) and (b) are considered. Two images of the
study area 2 say Dead Sea acquired as Landsat 5 image acquired
on October 24, 1984 and Landsat 8 image acquired on October
27, 2014 as shown in Fig. 4(c) and (d) are considered.
(a)

(c)

(e)

Fig. 6. Change detected via various methods with fusion for Dead Sea data set. (a) Change
FCM. (d) Change detected using ECKM. (e) Change detected using ASCC. (f) Change dete
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4.2. Results and discussions

The performance of the designed intelligent approach (EASCC)
is qualitatively and quantitatively analysed. In order to assess the
performance of the developed methodology, a comparative analy-
sis is performed with k means, AKM, FCM, ECKM and ASCC.

The change detection maps obtained for Huelva and Dead Sea
data set by k means, AKM, FCM, ECKM with sparse fusion, ASCC
and EASCC are shown in Figs. 5 and 6. The visual effects obtained
out of the designed intelligent methodology shows the clarity of
changes in the images which is quite evident from the results that
(b)

(d)

(f)

detected using k means. (b) Change detected using AKM. (c) Change detected using
cted using EASCC.
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the designed method outperformed than the other methods (see
Figs. 7 and 8).

For the quantitative assessment of the proposed technique, the
followingmetrics have been used for each changemapwith respect
to the reference map (Rosenfield and Fitzpatrick-Lins, 1986).

Tp – the number of altered pixels recognised correctly.
Tn – the number of pixels correctly recognised as unaltered.
Fn – the number of altered pixels incorrectly recognised as
unaltered pixels.
Table 2
Result of Various Parameters Used for Quantitative Comparison with existing methods for

Method Tp (Pixels) Tn (Pixels) Fp (Pixels) F

K Means 2390 232,730 26,413 6
FCM 2791 255,204 3939 2
AKM 2869 255,265 3878 1
ECKM 3740 254,512 3622 2
ASCC 3689 257,095 1260 1
EASCC 3840 257,324 900 8

Table 1
Result of Various Parameters Used for Quantitative Comparison with existing methods for

Method Tp (Pixels) Tn (Pixels) Fp (Pixels) F

K Means 4390 214,543 41,992 2
AKM 4590 226,843 29,592 2
FCM 5395 231,223 25,175 1
ECKM 6058 240,100 16,054 9
ASCC 7998 244,100 10,545 5
EASCC 8250 248,725 5805 3
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Fp – the number of unaltered pixels recognised as altered
pixels.

The quantities given above are evaluated by a confusion matrix
and various metrics can be obtained using the above derived quan-
tities to assess the performance of an algorithm. In this paper, the
following metrics are adopted:

1. Overall Error (OE)

Overall error deals with the probability that a altered pixel
incorrectly recognised as unaltered pixels.

OE ¼ Fn
Fnþ Tp

ð3Þ

2. Commission Error (CE)

Commission error deals with the probability that an unaltered
pixel incorrectly recognised as altered pixels.

CE ¼ Fp
Tnþ Fp

ð4Þ

3. Percentage Correct Classification (PCC)

It identifies the overall accuracy of the proposed method by
means of detecting the altered pixels as altered and unaltered pix-
els as unaltered.

PCC ¼ ðTpþ TnÞ
ðTpþ Tnþ Fpþ FnÞ ð5Þ

4. Recall

Recall is referred to the fraction of altered pixels recognised as
unaltered.

Recall ¼ Tp
Tpþ Fn

ð6Þ

From the Tables 1, 2, and Figs. 9 and 10 it’s very clear that
designed approach EASCC has obtained the PCC of 99.63% for Dead
Sea Dataset and PCC of 97.65 for Huelva Dataset which is higher
than existing methods such as k means, AKM (Lal et al., 2015),
Dead Sea Dataset.

n (Pixels) OE (%) CE (%) PCC (%) Recall

11 20.36 10.19 89.69 0.8
10 7 1.52 98.42 0.93
32 4.4 1.5 98.47 0.96
70 6.73 1.4 98.52 0.93
00 2.64 0.49 99.48 0.97
0 2.04 0.35 99.63 0.98

Huelva Dataset.

n (Pixels) OE (%) CE (%) PCC (%) Recall

228 33.67 16.37 83.2 0.66
128 31.68 11.54 87.95 0.68
360 20.13 9.82 89.92 0.8
41 13.44 6.27 93.54 0.87
10 5.99 4.14 95.8 0.94
73 4.33 2.28 97.65 0.96
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FCM, ECKM (Lal and Anouncia, 2015a) and ASCC (Lal and Margret
Anouncia, 2017). An analysis has been carried out in terms of OE
and CE. It was observed that the lesser the value of OE and CE,
the better is the technique. The overall error (OE) 4.33% for data-
set1 and 2.04% for dataset 2 obtained in the designed intelligent
approach EASCC indicates that changed pixels have been almost
identified accurately with less misclassification errors. The CE
obtained by the designed approach is also lesser than the existing
techniques. The Recall measures obtained by EASCC is 0.96 and
0.98 which is more than k means, AKM, FCM, ECKM and ASCC
(see Fig. 11).
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From the overall analysis it is felt that while solving the change
detection problem, incorporating fusion of the images with semi-
supervised clustering the output is improved compared to the
existing ones. Further in order to attain global maxima output opti-
mization is carried out to produce more accurate results for change
detection. The existing techniques require either the assumption of
distributions of clusters and are very time consuming (k means,
AKM, FCM, ECKM and ASCC). On the other hand the designed
approach concentrates more on the changed areas to further pre-
dict the changes in the near future years.
5. Conclusion

In this paper, an intelligent change detection approach EASCC
combining ASCC and BPSO for multi-temporal remote sensing
images has been designed. The method aimed in detecting changes
in remote sensed multispectral, multi temporal images. Though
the results appear to be acceptable, as the followed methods tend
to converge at local minima the solution obtained would result in
local optimum. Hence, to further seek good response in terms of
global optimum, a binary PSO is applied. The optimization of solu-
tion achieved using BPSO resulted in a notable improvement with
high recall and good precision rate. The increase in the precision
rate of the designed process helped in drifting the visual quality
of the detected change and thereby the change is highlighted
prominently. The designed EASCC approach provided better results
in terms of accuracy and effectiveness.

Investigations are carried out on multi-temporal and multi-
spectral datasets to authorise the effectiveness of the designed
intelligent approach. The methodology is demonstrated and evalu-
ated using the measures recall, OE, CE and PCC. The comparison of
outcome with other existing methods showed a notable enhance-
ment on the designed methods. In future, more images can be used
for change detection study to further promptly figure out the
changes and ca also focus on the spectral characteristics of the
image and the category of scene used for the change detection
process.
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