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Abstract

In this study, the algorithm that applies Wavelet and multi-scale analysis to remote
sensing images is proposed for region variation detection on Markov random field. First
of all, the Wavelet transform is adopted to decompose an original image into several sub-
images, then the Mahalanobis distance decision function is used to detect the changes in
different scale images, and finally the Markov random field is applied to fuse the change
detection results at different scales. Since the Markov random field fusion method takes
full account of the correlation between the adjacent pixels and the links of the change
detection results at different scales, the fusion results are accurate and practical. The
testing results prove that the studied algorithm is effective and robust.
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1. Introduction

A change (change) detection method/algorithm is used for detecting the change
information of the surface features in an area, by analyzing the differences between
remote sensing images of the same area at different times [1-2]. As the aerospace,
remote sensing and information technology development, the change detection has
been widely applied for monitoring urban land change, forest vegetation cover
change, for evaluating natural disasters such as earthquake, floods, forests fires, as
well as for estimating military strike effort [1-3].

In general, a traditional change detection algorithm includes three work steps [4]:
image pre-processing, change detection and image post-processing. The image pre-
processing algorithms in different change detection algorithms are slightly different,
but the image registration is an important and indispensable step [5]. Image
registration accuracy obviously affects change detection results, so Dai and Siamak
(1998) [6] studied in depth how image registration accuracy impact to change
detection, pointing out that image registration error needed to be less than one pixel
to meet the requirement of change detection. Normally, the image registration
accuracy is difficult to meet application requirements, in such cases, the image post-
processing is demanded to remove the fake changes caused by the registration error
and noise through different image filters. Although this is a human-computer
interaction process, the outcome cannot be satisfactory. In order to overcome the
effects of the image registration, some researchers have already put forward various
algorithms, such as (1) object-based algorithm [7-9], (2) match-based algorithm
[10], namely the approach of the image registration and the change detection at the
same time. The object-based approach [9] is mainly dependent on the accuracy of
the target detection, and the match-based approach is more complicated and difficult
than the others.
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The multi-scale analysis technique is widely used in the digital image processing
and analysis. The change detection results between the different scale remote
sensing images over the same area at different times are different [11], so some
researchers have applied the multi-scale analysis into the change detection at
different angles, such as Huo, et al., (2008) [7] proposed an object-based multi-scale
change detection algorithm, and Francesca and Lorenzo (2005) [12] studied a multi-
driven- based change detection algorithm. The algorithm studied in this paper is
based on but different to the above two algorithms. It is a new wavelet and multi-
scale analysis algorithm applied to the change detection. The main idea is to fuse
the change detection results at different scales by using the Markov random field. It
belongs to the pixel level fusion, but it takes the full account of the correlation
between the adjacent pixels and the links of change detection results at different
scales, so the obtained change regions are more coherent, the wrong detection
results caused by the registration error and noise are more effectively to overcome.
And the algorithm is a fully automatic process method, and the main principles and
flowchart are shown in Figure 1.

The paper is organized as: Section 2 briefly describes the basic principle of the
wavelet-based multi-scale decomposition; Section 3 expatiates change detection
based on the Mahalanobis distance and its fast processing function; Section 4 is
about the Markov random field theory applied into the fusion of the change
detection results at different scales; the experimental data and result analyses are
given in Section 5; and finally, Section 6 is the conclusion.
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Figure 1. Change Detection based on Multi-scale Fusion Principles

2. Image Decomposition based on Wavelet Transform

The study uses the wavelet transform to carry out the multi-scale decomposition
of the two remote sensing images at different times for the multi-scale fusion [12-

14]. The two remote sensing images X (k=12) 4t different times through the

wavelet transform can be decomposed into the two multi-scale remote sensing
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for the decomposition layer, and the images ~“s X« are the original scale
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images. Each scale image ms consists of four
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images in the horizontal, vertical, and diagonal directions. For the different scale
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(k,n)
number M | the images Xws' reflect both the low frequency and high frequency

information of the different scale images. In order to fuse the results at different

scales, the algorithm reconstructs the low frequency information LL“™ at each
scale, and makes the scale sizes as the same as those in the original images. The

k _ (k,0) (k,n) (k,N) _
multi-scale reconstructed image sequences Xs ={LLT L LL 3 (k= 1,2) g

rebuilt, where, the reconstructed images in the same scale with the low frequency
and at different times can be used for the change detection through the Mahalanobis
distance change detection method. In this way, the obtained results at different
scales are fused through the Markov random field to form a more accurate and
practical result.

3. Change Detection on Mahalanobis Distance

In a change detection algorithm, the image differencing is usually used to
describe the changes between two images. Hence, the multidimensional differenced
images between two changed images can be used to construct a feature space for
describing the changes. In a multidimensional Gaussian feature space, a hyper-
ellipsoidal decision surface between change and non-change is more representative
than any other kind of decision surfaces. And the change signal can be
approximately modeled by a Gaussian distribution, so the Mahalanobis distance
function for an n-dimensional difference image can be utilized as a decision
function between change and non-change [6]. It can be described as:

MG 0) = OG-0 S X G D) - u) )

=1 X=X, Istands for the multi-spectral differenced image,

Where, the image X
the value * (" ) are for the pixel values of the differenced images, and the symbols

# and Z are for the total mean vector and covariance matrix respectively. One can
also use the other Mahalanobis distance expression as:

(X, (i )= X, (1) (2)
Where, the symbol 2 is for a mutual covariance matrix. The direct calculation of
equations (1) and (2) is more complicated and slower, which can be improved

through the following operations. The covariance matrix Z can be orthogonal
decomposed as:

ST EAE' (3)
Where, the symbol E is composed of orthogonal transformation matrix that

consists of the eigenvectors of the covariance matrix 2 The symbol A is a
characteristic matrix.

(a0
LO iN (4)
Where, N is the band number. Suppose that
X ()= E (X (0 D)= p) g X (D)= ET= (XG0 ) = X, (D) (5)
One can get
M, G i) = X G DTAX G ) ©)
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Let X (1) = (X% 00X\ ) s aq 4 vector, and then

X‘2 X’2 Xl :
M, (i, j)=,[—+ 2=+ +——
A A A

1 2 N (7)
Further, the change detection based on the Mahalanobis distance can be described
as follows:

(M, (i, j) <threshold unchanged
(M, (i, j) = threshold changed

(8)

Where, the threshold value can be set experience and image resolution.

4, Markov Random Field Fusion

Generally, the changed pixel decision result based on a threshold is usually
affected by image registration errors, so the change result image has a large number
of noise points. Because the link between the adjacent pixels is not considered, and
the obtained change regions are often not continuous. In this study, the Markov
random field [15-16] is applied and the correlation between the adjacent pixels and
the links of the change detection results at different scales are taken full account, in
this way, the fusion results are more accurate and practical.

The image X of the size ' *J can be considered as a random field. In the

xeA={01,.,L-1}

image X , each pixel range is limited at , such as the gray

A ={0,1}

image L =256 and the obtained result image The collection

1*J
C={C1=1=2""} constructs all the possible result images. The multi-scale

change detection result images A={AL A Avtare used to obtain the final change

result image, which belongs to maximizing a posteriori probability problem [17]. It
can be described as:
P(Y /A)=max{P(Y / A)}
YeC (9)
When the multi-scale change detection result image A is known, it is equal to
equation:
P(Y ,A)=max{P(Y,A)}
YeC (10)
As shown in equation (10), it is a global optimization problem and is difficult to
solve, so the Markov random field is utilized to transform it to a local optimization
problem. In this study, the second-order neighborhood

S =L 1), 121, (21 72D} g5 each pixel (1) is chosen, and the frame
(Y+5) js considered as a Markov random field. And the Markov random field is
equal to Gibbs random field [18]:

P(Y,A)=Z "exp[-U (Y, A)] (11)

Where, Z is a normalization constant and U A)is a Gibbs power function. The
maximum posteriori probability problem is transformed into a minimum power
function problem in the Gibbs random field. The power function for each pixel

(1) can be expressed by using its second-order neighborhood power function:

U(Y,.Y, A)=U(Y,.Y A .(mn)es) (12)

The total power function is
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UY,A) =Y SU(Y,.Y A)
i=1 j=1 (13)

U (Y, Y. A)

One can minimize each pixel (1) power function to make the total

power function U A) he a minimum. ICM (Iterated Conditional Modes (ICM)

algorithm [19]. can be available to solve this. And the power function UYL A) is

U (Y.,Y S .
1Yy Yo (Mon) e S) stands for the correlation

(Vs App (M) € 5) for the

divided into two parts: the first part

. . U
between the adjacent pixels, and the second part 2

connection between the pixels in each scale result and in the final result A . The two
part power functions are respectively defined as:

U (Y, Y, (mn)eS)=-a ¥ (YY)
m,n)e$S

(mm)e (14)
U,(Y, A (mn)es)=-Y B 3 1(Y,.A)
k=1 (m,n)es (15)
(1. vy, =y,
l(y1,y2)=<LO Vs y
T (16)

Where, @ B d=k<N)are cycle weight coefficients to control the convergence

condition. The overall algorithm steps are as follows:

(1) Firstly decompose two remote sensing images at different times through the 2-D
wavelet transform, and then reconstruct low frequency components to make
their sizes as the same as those in the original images. Finally obtain the two
sets of the multi-scale image sequences

(2) In two sets of the multi-scale images sequences, detect the same scale image
change through the Mahalanobis distance and get the final result through a
threshold segmentation algorithm.

(3) Set equation® =0 initialize Y by minimizing the second part power

. Y A
function® 2 T+ Anar (M1)€ S)
(4) Set @ =1 refresh Y to make the total power function minimum, at the same

time the cycle end condition is decided. When the change number of Y at the
two times is less than a certain value, it ends.
(5) Decide if cycle times are over, if not, go back to (4).

5. Test Results and Analysis

A number of sets of data are used for testing; all the testing results prove that the
studied algorithm is effective. As an example, one of the test data is from the
following net: http://shr.aaas.org/geotech/gaza/gaza.shtml, and it is illustrated in
Figures 2(a-b).

In Figure 2, the image (a) and the image (b) are the two remote sensing images
taken by IKONOS satellite in the same place at different times, and the image
resolution is of 980x612 pixels. From the images, one can see the changes between
them. As shown in Figure 2, after 5 months, the area was destroyed by a disaster,
and the blue houses and some green lands were disappeared. The image (c) is the
reference change result, the image (d) is the processing result by the algorithm in
this study, the image (e) is the result obtained by the Mahalanobis distance change
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detection and post-processing, the image (f) is the result by using the reference
method (Huo, et al., 2008), and the images (g), (h) and (i) are the change detection
results at three different scales. Table 1 is obtained through stating detection rate,
accuracy and kappa coefficient to compare the properties of the results by using
different algorithms and the results are taken at different scales (0, 1, 2).

(a) December 2003 (b) May 2004 (c) Reference Change

o ¥

(g) Scale 2 sult (h) Scale 1 Result () Scale 0 Result

Figure 2. Test Data and Processed Result Comparison

The other example is shown in Figure 3. It is an airport image including a
number of aircrafts (Figure 3(a)); in the changed image (Figure 3(b)), six aircrafts
are disappeared (see Figure 3(a) arrows); the processing results are shown in Figure
3(c-d). The aircrafts are detected clearly by using the algorithm.

Table 1. Property Comparison of the Change Detection Result Through
Different Methods

Result from Detection rate | Accuracy | Kappa coefficient
The paper result 87.40% 76.89% 79.07%

The post-processing | 68.75% 60.88% 59.26%

result

The scale 2 result 80.59% 44.46% | 49.26%

The scale 1 result 78.83% 43.00% 47.25%

The scale 0 result 77.81% 41.94% 45.84%

The literature 4 result 58.76% 44.90% | 42.95%
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(a) Befr hnge (b) Aferhnge

(c) Scale 0 Result (d) Post Processing Result

Figure 3. Test Data and Processed Result at an Airport

From the test result, the several conclusions are:

(a) The change detection results at different scales are different.

(b) The change detection result at a low scale is easily to be affected by the
registration error, so its accuracy is low and the more noise occur.

(c) The change detection result image at a high scale includes less noise, but at the
same time it enhances a leak alarm rate. However one can detect the change
information at a high scale, which is not detected at a low scale, such as that the
green land change is detected more accurately at a higher scale, so the detection
rate and accuracy at a high scale are improved.

(d) About the post-processing for the change detection result, its accuracy is
improved because of the registration error suppression, and the detection rate
decreases due to the wrong detection result at the same time, but in total, the
detection effect is better than that at each single scale.

(e) The change detection result by using the new algorithm is improved
significantly comparing with the others, its main reason is that the Markov
random field fusion algorithm takes full account of the correlation between the
adjacent pixels and the links of the different scale change detection results, and
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it is also because of effectively inhabit noise by registration error at each single
scale.

(f) In this study, a watershed segmentation algorithm is used to extract objects, and
then the change detection result is obtained based on the object level decision
class fusion [4], and the result image is in Figure 2(f). From the test result
image and Table 1, the detection rate and accuracy in the above algorithm are
low, because the object, in which only a part of the object is changed, cannot be
decided correctly. The studied new algorithm belongs to pixel level fusion and
the algorithm (Huo, et al., 2008) [7] belongs to object level fusion. Both of
them are robust to the registration error and the angle error, but the new
algorithm is not affected by the object extraction accuracy and the literature [7]
algorithm has certain singularity to the object in which only a part is changed.

6. Conclusions

The paper presents a change detection algorithm which uses the wavelet
transform and the Markov random field fusion to process change detection results at
different scales, and takes full account of the correlation between the adjacent pixels
and the links of the change detection results at different scales. The fusion results
are more accurate and practical. The Mahalanobis distance is applied to the change
detection for different scale images. The Mahalanobis distance decision function is
a hyper-ellipsoidal decision surface in a high dimensional feature space; therefore, it
is more effective to decide the change and the non-change pixels/areas than other
algorithms. The test and analysis prove that the change detection results at different
scales are influential to the final Markov random field fusion result. And the
Markov random field is not only suitable to the fusion of the multi-scale change
detection results, but also the fusion of the change detection results through the
other algorithms. Since the algorithm is newly studied both in theory and practice,
the experimental results and the algorithm comparison are limited, hence, in this
case, the studied algorithm needs to be further improved, In addition, the threshold
value for the Mahalanobis distance decision should be decided by a theoretical
algorithm based on some new theory in the previous study [20], and a number of
post processing functions should be improved based on other new image
segmentation algorithms [21-22].
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