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1.Introduction

In the last decade, there has been 
tremendous escalation in the develop-
ment of change detection techniques 
for the analysis of multitemporal Land-
sat satellite images [1]. This escalation 
stems from the fact that there are many 
important remote sensing applications in 
which change detection can be applied, 
such as environmental measurement 
(e.g. deforestation, land degradation and 
desertification), forestry management, 
regional mapping, urban monitoring, 
and widespread disaster measurement 
(e.g. forest burned area, landslide and 
flooding).

In remote sensing context, change 
detection can be defined as the process 
of identifying differences between corre-
sponding objects or phenomenon by ana-
lysing two aligned remote sensing im-
ages which are captured at different times 
[2]. Such an analysis aims at detecting 
and identifying land cover changes that 
can be done manually via visual inspec-
tion or automatically by change detection 
methods. Manually labelling and identi-
fying changes is a cumbersome task and 
it is prone to errors and highly subjective 
depending on the expertise of the inspec-
tor. Therefore, many methods have been 

proposed to automatically find changes 
through the satellite images and some of 
these are presented in comprehensive re-
view articles such as those by Singh [2], 
Lu et al. [3] and in the textbook by Jensen 
[4]. Generally, change detection methods 
can be classified into supervised and  un-
supervised approaches.

The supervised approach is based 
on classification methods, which needs 
a training set with multitemporal ground 
truth to learn patterns which can be used 
to identify changes. Although this ap-
proach exhibits some advantages over 
the unsupervised one, the generation 
of ground truth information is usually 
a tedious, difficult and expensive task. 
Consequently, the use of unsupervised 
change-detection approach is vital in 
many applications in which ground truth 
does not exist [2, 5].

The unsupervised methods directly 
compare multitemporal images or pro- 
cess different image using pattern rec-
ognition techniques. In this approach, 
there is no need for a training set. In the 
literature of unsupervised change de-
tection approach, changes are mostly 
detected from multitemporal greyscale 
images. Many algorithms have been de-
veloped for dealing with this problem, 
such as image difference [2], k-means 
[8], normalised cut clustering [9], Fuzzy 
c-means [7], Principle Component 
Analysis (PCA) [6], Markov Random 
Field (MRF) [11], and sequential-based 
methods [10]. Most of the existing un-
super- vised change detection methods 
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have three main problems. First, they 
use one spectral band to obtain the dif-
ference image. This is a disadvantage as 
converting RGB images to greyscale im-
ages may affect discrimination between 
changed and unchanged regions of the 
difference image. Second, the effect of 
illumination variations, which is highly 
influential in discriminating between 
changed and unchanged pixels, has been 
discarded from the unsupervised change 
detection methods. However, in the field 
of change detection for remote sensing 
applications it is often necessary to cope 
with the phenomenon of illumination 
changes as it causes significant changes 
most of the times so that pixels may in-
correctly be selected as changed by an 
algorithm. Thus, using greyscale imag-
es and discarding illumination changes 
may cause to obtain high miss or false 
alarm rates. Hence, it is important to 
design a multispectral cost function 
which is robust to illumination changes 
in order to improve the change detection 
performance in terms of accuracy rate. 
Third, as the size of images involved in 
remote sensing tends to be quite large, 
the complexity of comparing and ana-
lysing them for finding changes in-
creases and needs more time. Therefore, 
the sequential-based change detection 
methods (e.g. change detection based 
on Genetic Algorithm (GA) [10]) need 
a large number of iterations to find the 
final change detection mask or optimum 
result. Accordingly, it is necessary to ap-
ply an optimisation method to minimise 
the change detection cost function effi-
ciently.

In this paper, we propose a new 
photometric invariants unsupervised sat-
ellite change detection method, which 
is robust to illumination changes. To   
achieve

 this, the RGB colour space trans-
formed into rφθ colour space via spheri-
cal transformation of RGB coordinates. 
Then, a cost function based on image 
difference is defined and optimised by 

using BPSO algorithm. Note that in our 
method, instead of calculating perceived 
colour difference of images, our method 
calculates the difference of φ and θ chan-
nels. The reason that these two channels 
are only selected from spherical coordi-
nates is because they are invariants with   
respect to shadow and shading. The cost 
function is used to find the weak and 
strong changes by updating the popu-
lation in BPSO, iteratively. To improve 
the convergence rate of the proposed 
method, we use an initial binary change 
detection mask which is obtained by a 
change detection method in the popula-
tion.

The rest of the paper is organised 
as follows. In section 2, the proposed 
method is presented. Qualitative results 
and the performance of the proposed 
method are discussed in Section 3. In 
the last section, the paper is concluded.

2. Proposed Method

Let us consider two registered RGB 
Landsat images, x(n)

 and x(n)
 (n=1,2,3 de-

notes spectral bands), which are acquired 
on the same geographical  region, but at 
two different times. Here, the main goal 
is to obtain a binary change mask m, 
based on the difference image d(n).

The proposed method consists of 
two main steps. First, a preprocessing 
strat- egy is used to design photometric 
invariants for colour sequences. This step 
makes our algorithm robust to shadow 
and shading (i.e. illumination intensity 
changes). Second, a mean square error 
based cost function is proposed and op-
timised using BPSO algorithm to gener-
ate optimal binary change mask.

2.1. Spherical  Coordinate System

Generally, since the Landsat im-
ages are captured at different date and 
time, there is illumination difference be-
tween them. Therefore, it is important 
to embed a photometric invariants tech-
nique into our change detection method 
to robust the performance of the method 
under illumination changes. To achieve 
this, the RGB colour space transformed 
into rφθ colour space, using a well-known 
photometric invariants technique called 
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spherical transformation. This transfor-
mation is given by: 

where i = 1, 2 denotes Landsat im-
ages in both RGB and spherical colour 
spaces, r  is  the  radial  component  in  
spherical  coordinate  system  and  θ  and  φ 
are the phase angle components. Note 
that both angles are invariant with re-
spect to shadow and shading whereas 
the colour magnitude is not robust to il-
lumination changes [12]. Therefore, in our 
method, φ and θ channels will be used to 
calculate  the difference of images. Fig. 1 
shows an example of the spherical trans-
formation.

2.2. Illumination-Invariant  Change  
Detection Method

In the second step of the proposed 
method, the difference image must be 
generated. Let d(n) be the difference im-
age with two spectral bands. When de-
tecting changes in optical images, the 
common way of comparing a pair of 
spectral images is to generate a difference 
image by applying a pixel-by-pixel sub-
traction. However, when Landsat satellite 
images are considered, this technique is 
error prone, as it is not robust to illumi-
nation changes. Therefore, in our method, 
instead of calculating perceived colour 
difference of images, the proposed meth-
od estimates  the  difference  of  φ  and  θ  
channels,  due  to  aforementioned  features.

This can be found by the following 
formula:

where x = 1, · · · , W and y = 1, · · · , H, 
H and W are height and width of the Land-
sat images. The the difference image d(n)  
is then normalised into [0, 1].

After estimating d(n), the changed 
map m must be obtained. The change 
map n is a binary image with 2(H×W ) pos-
sibilities. Each of these possible binary 

images has a corresponding cost function 
which is estimated from d(n) and one of 
them is the optimum change map. Due 
to the large number of possible combi-
nations, it is impossible to examine all 
the combinations to find the optimum 
result, then an optimisation strategy 
must be used to solve this problem. In 
this work, we use BPSO algorithm [13] 
to obtain the optimum change mask. 

2.2.1. Binary Particle Swarm 
Optimisation

 
 The BPSO is a population-based 
optimisation method that seeks multiple 
solutions and it optimises the problem 
based on a swarm of particles. Gener-
ally, each particle consists of a position, 
which is a candidate solution, and a ve-
locity in a search space. The position 
and velocity of each particle are updated 
iteratively until the cost function is mi-
nimised. The BPSO algorithm must ini-
tialise with a population of random so-
lutions and seeks optimum solution by 
updating iterations. During the optimi-
sation procedure, each particle is moved 
toward the best problem particle which 
is estimated by any member of the en-
tire swarm. Note that particles should 
be initialised with respect to the prob-
lem. Generally, the initial solutions in a 
population are randomly generated and 
they are iteratively updated based on 
the generation features of the algorithm. 
However, this makes the algorithm inef-
ficient and impractical as it increases the 
number of iterations to overcome local 
minima in the optimisation process [14]. 
Therefore, this initialisation strategy 
is not a proper approach to resolve our 
large search space problem. To tackle 
this problem, in the proposed method, 
an initial binary change detection mask 
is created by PCA-based change detec-
tion method [6] and used as one of the 
initial particle in the population. This 
improves the convergence rate and re-
duces the cost efficiently. Moreover, in 
the proposed method, each particle’s lo-
cation is represented by a fix length ar-
ray with the length of H × W × n, and 
each array element is assigned with a 
real number. Thus, we are creating a two 



International Journal of Scientific Research in Information Systems and Engineering (IJSRISE)
Volume 1, Issue 2, December-2015. ISSN 2380-8128 

IJSRISE © 2015.
http://www.ijsrise.com 

dimensional mask including zeros and 
ones to estimate the final change detection 
mask.

2.2.2. Cost Function

To  solve an optimisation problem us-
ing the BPSO algorithm, it is necessary   to 
evaluate the quality of the potential solutions. 
To achieve this, a cost function must be used 
to assess the candidates solutions by estimat-
ing their cost values. Notably, the fitness val-
ues may also be used in a process of natural 
selection to generate next population. In other 
words, the strong and weak particles can be 
evaluated according to the cost values and the 
new population is created based on them. In our 
problem, the main idea of using the cost func-
tion is to cluster the unchanged and changed 
pixels between two different Landsat images. 
So that, the optimal binary change mask can 
be estimated by the following formula:

where Ck denotes the cost function 
of  particle           at iteration number k, P0 
and  P1

n are the estimated cost functions 
based on unchanged and changed pixels 
(A0 and A

1
) at nth spectral band, re-

spectively, and N (n) and N (n) are the 
number 0 1 of changed and unchanged 
pixels on the change detection mask,   
respectively.

δA
1 (x, y) is the Kronecker delta 

function whose value is 1 at (x, y)  A
1  and 0 otherwise whereas δA

0 (x, y) is 1 at 
(x, y)  A

0 and 0 otherwise. In the op-
timisation problem, the purpose of the 
proposed method is to minimise the  
cost function (equation (3)) for finding 
the best change detection mask.

In equations (4) and (5), for both 
unchanged and changed pixels, the 
mean- squared Euclidean distance be-
tween the difference image values and 
the mean of the difference image val-
ues is calculated. Then, the sum of the 
mean-squared Euclidean distance of the 
unchanged and changed pixels is used 
in equation (3) to discriminant changed 

and unchanged pixels. Note that, the 
lower the mean- squared Euclidean dis-
tance, the more precise the discrimina-
tion is. Equation (3) must approach to 
zero when Ck  divides the difference im-
age d(n)  into   changed and unchanged 
regions.

3. Experimental Results

We evaluate the proposed method 
against MRF-based [11], PCA-based 
[6], and A-based [10] change detection 
methods. The MRF-based method de-
pends on a smoothing parameter β that 
effects the change detection process. In 
this paper, β is set to be 1.7. In the 
PCA-based method, the parameters 
are chosen using minimising an error 
between the obtained change detection 
mask and the ground truth one. In the 
GA-based method, each population con-
sists of 40 individuals with 0.6 crossover 
rate. Moreover, the mutation rate is set 
to be 0.04. In our method, the values of 
the population size, inertia weight, and 
acceleration coefficient are 40, 0.4, and 
2, respectively.

3.1. Sets

We evaluate the performance of the 
proposed method by using quantitative 
tests on real multitemporal multispectral 
data set. The data corresponds to the sur-
face of the lake Urmia locating in Iran. 
The data set is taken from [15] and in-
cludes a set of images of size 980 × 540 
pixels. The images show that the water  
surface of lake Urmia rises up in 1995 
(Fig. 2 (b)) when compared to the 1992 
(Fig. 2 (a)). These images are acquired 
by Landsat satellite with 1.7 terapixel 
snapshots of the Earth at 30-meter reso-
lution. To evaluate changes in lake Ur-
mia, a small area of size 550 × 350 pix-
els are selected from input images. The 
ground truth change detection mask for 
the lake area is shown in Fig. 2 (c).

3.2. Quantitative  Error Measures

We calculate three different quanti-
tative error measures to validate the re-
sults. For quantitative tests, the obtained 
binary change detection mask is com-
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pared with the ground truth mask. The 
first test is based on False Alarms (FA). 
This error measure can be defined as the 
number of actually unchanged pixels 
that were wrongly selected as changed 
pixels. The FA rate is manipulated in per-
centage as PFA = FA/N1 × 100, where 
N1 is the total number of unchanged 
pixels

Fig. 2. Change detection results. (a)-(b) 
show the lake Urmia input data acquired in 
1992 and 1995. (c) shows the ground truth im-
age. (d)-(g) show the results of various meth-
ods on the lake Urmia data set. The proposed 
method obtains the final change detection 
mask more accurately than the other methods.

Table 1. Quantitative results ob-
taining from various methods. 

counted in the ground truth mask. 
The second test is based on Miss Alarm 
(MA) which can be defined as the num-
ber of actually changed pixels that were 
mistakenly determined as unchanged 
pixels. The MA rate is estimated in per-
centage as PMA = MA/N0 × 100, where 
N0 is the total number of changed pix-
els counted in the ground truth mask. 
The last measure is Total Error (TE) 
which is the sum of the FA and MD. 
Therefore, the TE rate in percentage is 
calculated as

PT E = (FA + MD) / (N0 + N1) × 100.

3.3. Results

The quantitative and visual results 

of various methods on the lake Urmia 
data set, shown in Fig. 2 (a) and (b), are 
given in Table 1 and shown in Fig. 2, re- 
spectively. The visual results show that 
fewer isolated pixels can be found in the 
final change map obtained by proposed 
method compared with those of the other 
methods. Moreover, it is obvious that the 
binary change detection masks obtained 
by using the MRF-based method [11] is 
not precise. The reason is that the differ-
ence image is modelled using the Gauss-
ian function which leads to in accurate 
difference image modelling. On the other 
hand, PCA-based method [6], GA-based 
method [10], and the proposed method 
provide much more precise results; this 
can be due to that discrimination be-
tween unchanged and changed regions 
is attained using the difference image 
itself without including extra as- sump-
tion. Our method obtains the least over-
all error of 0.85%, while the other meth-
ods provide 13.51%, 1.69%, and 1.27%, 
respectively. This is due to the fact that 
the proposed method is invariant to il-
lumination changes, so that it has very 
few isolated pixels.

4. Conclusion

In this paper, we present a BPSO-
based unsupervised change detection 
method to find changed and unchanged 
pixels between multitemporal and multi-
spectral satellite images. Our algorithm 
consists of two main steps. Firstly, a 
preprocessing method is applied to the 
input satellite images to make the pro-
posed method invariants to illumination 
artifacts. In the second step, the differ-
ence image is generated and then the 
change detection map is obtained by 
dividing the dif- ference image into the 
unchanged and changed pixels by us-
ing the BPSO. The results on the given 
real-world data set show that our method 
remarkably reduce the error comparing 
to the other compared change detection  
methods.
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