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AN APPROACH FOR IMPROVING ACCURACY OF CHANGE
DETECTION IN MULTI-TEMOPRAL SAR IMAGES

Nguyen Hung An’, Nguyen Tien Phat

Abstract: Algorithms of change detection in multi-temporal SAR images have
received great interests for recent decades, and been widely applied in natural
resource supervision activities. However, these algorithms still expose the limitation
of detection accuracy due to inhenrent presence of speckle noise in SAR images.
This paper developed a novel approach of change detection in multi-temporal SAR
images of sea surface. The algorithm has increased accuracy of change detection in
multi-temporal SAR images of sea surface compared with recent other methods
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1. INTRODUCTION

Remote sensing technology has been applied widely for several decades.
Especially, applications of multi-temporal SAR images in detecting abnormal
changes on land and sea attracted many practical interests because they are hardly
subject to weather effects compared to optical images. An challenge of processing
SAR images is speckle noise, but many algorithms have been developed to
successfully solve this problem [1-4]. More instantly, solutions to speckle noise
can be classified into two types: the supervised [5, 6] and unsupervised ones [7]
[8]. For the supervised method group, information of investigated or labeled
samples has been known, while the otherwise is true for the unsupervised method
group. Therefore, the unsupervised methods are more popular in reality than the
supervised ones, in spite of the fact that the latter gives the better description of
changes than the former. This paper concerned on the unsupervised method of
detecting abnormal changes in SAR images.

In general, multi-temporal SAR image change detection for the unsupervised
methods basically includes three steps: (1) image processing, (2) difference image
(DI) generation, and analysis of DIs. Geometric correction and registration belongs
to the first step and they were assumed to have been completed in this paper. The
generation of DIs in second step are performed by two ways: subtracting two
multi-temporal images or applying the log-ratio operator to them, in which the
latter way is used more widely due to the capability of transforming multiplicative
speckle noise into an additive one. There are a variety of DI analysis algorithms.
However, they can be classified into four main groups: threshold-based, clustering
based, transform based, neural network based methods.

The threshold based methods select an optimal threshold from the DI histogram
to classify image pixels into changed and unchanged classes [9-12]. The clustering
based methods partition all observations into a certain number of clusters in which
each observation belongs to the cluster with nearest mean [13, 14]. Although they
are sensitive to noise because insufficient consideration of spatial information, they
are more flexible than the threshold methods. Both threshold and clustering based
methods are simple in calculation and implementation, but their accuracy are
limited and are sometimes used in combination with the other algorithms to
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improve the accuracy.

Transform based methods exploit advantages of special transformations such as
Principle Component Analysis (PCA) [13], Taselled Cap Transformation [15],
Chi-Square Transformation [16], Discrete Wavelet transform [17, 18], Radon
transform and Jeffrey divergence [19] and so on to select distinctive and salient
regions from the DIs. However, applying transforms to DIs is sometimes a step of
coarse processing in complete algorithms of multi-temporal SAR image change
detection. It facilitates for later fine processing. In recent years, using artificial
neural network in abnormal change detection in SAR images receives great
considerations [20, 21] and is applied in the fine processing step to improve
accuracy of the detection. In 2018, Gao et al. developed the algorithm of SAR
image change detection based on frequency domain analysis and random multi-
graphs (FDA-RMQG) [22]. In their algorithm, the frequency domain analysis was
used to localize coarse changed regions, while random multi-graphs in
combination with Fuzzy-C-mean (FCM) [14] algorithm were implemented in the
fine changed region classification stage. In 2019, an approach based on
Convolutional-Wavelet Neural Networks (CWNN) [23] was also developed by
these authors, in which the convolutional-wavelet neural network is used for the
fine processing stage.

This paper developed a novel algorithm of change detection in SAR images,
which is a combination of the FDA-RMG and CWNN methods. For instance, in
the proposed method, the frequency domain analysis is used for the coarse
processing stage, while CWNN is performed for the fine processing stage. The
remainder of the paper is organized as follows. Section 2 presents the methodology
for the proposed method. In Section 3, we present some simulation results to
evaluate the proposed algorithm performance in comparison with other algorithms.
In Section 4, we draw conclusions from the results of our evaluation and outline
areas for future work.

2. METHODOLOGY

The method of FDA-RMG [22] achieves relatively good results of change
region detection. Although frequency domain analysis (FDA) was implemented
to reduce the effect of speckle noise in the images, detection errors in random
multi-graph (RMG) stage are still avoidable because speckle noises in the images
have not been completely eliminated by FDA technique. Moreover, the CWNN
[23] has been proved as a potential solution to considerably reducing speckle
noise for wavelet transform, and improving detection accuracy. Hence, the
combination of FDA with CWNN methods can reduce more speckle noise
effects, and so possibly enhance detection accuracy in total. That is the basic idea
of the proposed algorithm.

This section describes the implementation of the proposed method in detail. The
block diagram of the proposed method is shown in figure 1.

Because the proposed algorithm is developed as a combination of the FDA-
RMG and CWNN methods. For instance, the proposed algorithm use FDA method
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for, it is named as the FDA-CWNN method for convenience. In this block
diagram, /,,1, are two multi-temporal images, in which / is the changed version of
I;. The FDA-CWNN algorithm is implemented through two stages as follows.

[First stage
; . Frequency
i leference - domain | FCM
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changed region candidates
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— patches |—] CWNN [—9» Result

generation
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Figure 1. The block diagram of the proposed method.
In the first stage called the coarse processing stage, the difference image is
created by using log-ratio operator: I, :‘Log(l2 /1 )‘ Then, frequency domain

analysis is performed to receive salient and distinctive regions. At the end of this
stage, changed region candidates are selected by FCM algorithm (see details in
[14]). For instance,the frequency domain analysis (presented in detail in [22]) was
performed by Fourier transform of the investigated images to obtain amplitude and
phase spectrums. Then, Gaussian kernel was employed to suppress spikes in the
amplitude spectrum of the image. The inverse Fourier transform of the smoothed
amplitude spectrum combined with the original phase spectrum was computed to
yield the saliency map.

In the second stage called the fine procesisng stage, the CWNN is utilized to
identify changed regions. The inputs of CWNN are image patches including
training sample and virtual sample patches created by Sample patches generation
block. Virtual samples helps to reduce effects of the limited number of training
samples. The CWNN was described in detail in [23]. In fact, CWNN is a
combination of the dual tree complex wavelet transform (DT-CWT) with the
convolutional neural network (CNN). DT-CWT helps to keep low frequency
subbands and suppress high-frequency subbands of the images. As a result, some
speckle noises are suppressed. In addition, CNN is utilized to train image patches
for futher change classification.

3. SIMULATION RESULTS

This section compares the results of the proposed method with FDA- RMG [22]
and CWNN [23] methods through qualitative and quantitative analysis. The
investigated images are shown in figure 2 and 3, which pressents the original SAR
image in figure 2(a) and the image with a change region marked by the ellipse in
figure 2(b). The figure 2(c) show the binary ground-truth image.
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(a) (b) (c)

Figure 2. The original image (a) the changed image (b) and binary ground-
truth image (c) manually created by combining prior information with photo
interpretation.

(the original image from
http://www.esa.int/spaceinimages/Images/2018/10/Oil_spill _spread)

The size of the two investigated images, and the patch size used in the
MATLAB simulation were respectively 256x256, and 7x7 pixels. The total
training samples utilized in the the simulation were 2000 samples, in which the
virtual samples created were 1000.

The qualitative comparison were performed by human vision on the binary
change images cretated by the three methods and binary ground-truth image. The
results obtained by the FDA-RMG, CWNN and proposed methods are binary
change images respectively shown in figure 3(a), figure 3(b), and figure 3(c). As
can be seen in figure 3 in compraison with figure 2(c), the result of the proposed
method achieves the higher resolution than the two others.

e e N

(a) (b) (c)
Figure 3. The simulation results of the FDA-RMG method (a),
the CWNN method (b), and the proposed method (c).
In addition, the quantitive analysis was performed for the proposed method and
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the two other methods by four paramteters: false positives (FP), false negatives
(FNs), overall error (OFE), and percentage correct classification (PCC). These
parameters are computed based on the pixel-by-pixel comparison between binary
change images created by methods and binary grounf truth images. More
particularly, FP is counted as the number of unchanged pixels in the ground truth
image but wrongly classfied as changed ones, while FN is counted as the number of
changed pixels in the ground truth image wrongly classified as unchanged ones. The
OE is summation of FP and FN: OE=FP+FN. Finally, PCC is computed as follows.

Nt—-OE

PCC = .100%

Where: MVt is the total pixels in the ground truth image.

The quantitive results of the three methods are presented in the table 1. This
table listed four parameters FP, FN, OE and PCC for three algorithms: FDA-RMG,
CWNN and the proposed algorithm. Each parameter or each method was
computed based on pixel-by-pixel comparison of the binary image in figure 2(c)
and each image in figure 3.

Table 1. Quantitive comparison of accuracy for the three methods.

Methods FP FN OE PCC(%)
FDA-RMG 498 310 708 99,21
CWNN 134 275 409 99,3
Proposed
method 130 265 395 99,45

Table 1 shows that for four parameters investigated for the three method, the
proposed method achieved the best results. For instance, the proposed method’s FP
is the smallest compared with the two remaining methods, and is approximmately
3.5 times less than the FDA-RMG’s. In addition, the OE of the proposed
algorithm is the smallest, and is about 1.5 times less than the FDA-RMG’s. As a
result, the PCC of the proposed algorithm is the highest among the three
investiganted algorithms, as can be seen in table 1.

4. CONCLUSION

The paper developed the FDA-CWNN method for detecting changes in multi-
temporal SAR images based on the combination of the frequency domain analysis
based method and the CWNN method. In fact, the proposed method was
performed by the coarse-to-fine procedure.

The log-ratio operator was computed on the two images to create the differece
image at first. Then, the method of analysing the DI on the frequency domain was
implemented to obtain salient and distinctive regions. Then, the FCM algorithm
was applied to find the changed region candidates. Finally, CWNN method was
used to train image samples for change indentification. Its training samples also
included virtual samples to reduce effects of limited training samples.
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Simulation results showed that the proposed method improves accuracy in
comparison with recent developed methods. In the near future, we investigate other
transforms in combination with deep neural networks to improve accuracy of
abnormal change detection in multi-temporal SAR images.

REFERENCE

[1]. F. a. D. J. a. L. B. a. X. Q. a. X. C. Gao, "Change detection from synthetic
aperture radar images based on neighborhood-based ratio and extreme learning
machine," Journal of Applied Remote Sensing, vol. 10, p. 046019, 2016.

[2]. L. a. S.F. D. Gagnon, "Speckle noise reduction of airborne SAR images with
symmetric daubechies wavelets," in Signal and Data Processing of Small
Targets 1996, vol. 52, International Society for Optics and Photonics, 1996,
pp. 14-24.

[3]. M. V. a.D.P.R. Sarode, "Reduction of speckle noise and image enhancement
of images using filtering technique,” International Journal of Advancements in
Technology, vol. 2, pp. 30--38, 2011.

[4]. N.a.K.N.S.a. M. A. S. Yahya, "Subspace-based technique for speckle noise
reduction in SAR images,” IEEE Transactions On Geoscience and remote
sensing, vol. 52, pp. 6257--6271, 2014.

[5]. M. a. Z. H.a. W. C. a. T. Y. a. Z. B. a. W. F. a. W. T. a. C. X. Liu,
"Polarimetric synthetic aperture radar change detection for specific land
cover types,"” International Journal of Digital Earth, vol. 8, pp. 334--344, 2015.

[6]. G.a. G.-C. L. a. M.-M. J. a. R.-'. J. L. a. M.-R. M. Camps-Valls, "Kernel-
based framework for multitemporal and multisource remote sensing data

classification and change detection,” IEEE Transactions on Geoscience and
Remote Sensing, vol. 46, pp. 1822--1835, 2008.

[7]. L. a. P. D. F. Bruzzone, "Automatic analysis of the difference image for
unsupervised change detection,” TEEE Transactions on Geoscience and
Remote sensing, vol. 38, pp. 1171--1182, 2000.

[8]. D. Gleich, "Markov random field models for non-quadratic regularization of
complex SAR images,” 1EEE Journal of Selected Topics in Applied Earth
Observations and Remote Sensing, vol. 5, pp. 952--961, 2012.

[9]. J. a. L. J. Kittler, "Minimum error thresholding," Pattern recognition, vol. 19,
pp. 41--47, 1986.

[10].Y. a. B. L. a. M. F. Bazi, "An unsupervised approach based on the
generalized Gaussian model to automatic change detection in multitemporal
SAR images," IEEE Transactions on Geoscience and Remote Sensing, vol.
43, pp. 874--887, 2005.

[11].G. a. S. S. B. Moser, "Generalized minimum-error thresholding for unsupervised
change detection from SAR amplitude imagery,” 1EEE Transactions on
Geoscience and Remote sensing, vol. 44, pp. 2972--2982, 2006.

[12].M. a. K. R. S. S. Sumaiya, "Logarithmic mean-based thresholding for SAR
image change detection,” IEEE Geoscience and Remote Sensing Letters, vol.
13, pp. 1726--1728, 2016.

52 N. H. An, N. T. Phat, “An approach for improving ... multi-temopral SAR images.”



Research

[13].T. Celik, "Unsupervised change detection in satellite images using principal
component analysis and k-means clustering,” IEEE Geoscience and Remote
Sensing Letters, vol. 6, pp. 772--776, 2009.

[14].M. a. Z. Z. a. M. J. Gong, "Change detection in synthetic aperture radar
images based on image fusion and fuzzy clustering,” IEEE Transactions on
Image Processing, vol. 21, pp. 2141--2151, 2011.

[15].A. K. a. D. V. R. a. P. A. a. P. M. B. Thakkar, "An effective hybrid
classification approach using tasseled cap transformation (TCT) for
improving classification of land use/land cover (LU/LC) in semi-arid region: a
case study of Morva-Hadaf watershed, Gujarat, India,” Arabian Journal of
Geosciences, vol. 9, p. 180, 2016.

[16].R. a. R.-C. R. a. N. C. J. a. R.-B. R. Vazquez-Jimenez, "Applying the chi-
square transformation and automatic secant thresholding to Landsat imagery

as unsupervised change detection methods,” Journal of Applied Remote
Sensing, vol. 11, p. 016016, 2017.

[17].H. a. D. K. a. Y. Y. a. F. H. Zhuang, "An approach based on discrete wavelet
transform to unsupervised change detection in multispectral images,"
International journal of remote sensing, vol. 38, pp. 4914--4930, 2017.

[18].T. a. M. K.-K. Celik, "Multitemporal image change detection using
undecimated discrete wavelet transform and active contours,”" 1EEE
Transactions on Geoscience and Remote Sensing, vol. 49, pp. 706--716, 2010.

[19].]. a. Y. H. Zheng, "4 new model-independent method for change detection in
multitemporal SAR images based on Radon transform and Jeffrey
divergence," IEEE Geoscience and Remote Sensing Letters, vol. 10, pp. 91--
95, 2012.

[20].L. a. S. K. A. a. X. L. a. C. D. A. Wang, "Sea ice concentration estimation
during melt from dual-pol SAR scenes using deep convolutional neural
networks: A case study,” IEEE Transactions on Geoscience and Remote
Sensing, vol. 54, pp. 4524--4533, 2016.

[21].Y.a. L. F.a.J. L. a. Z. P. a. Z. L. Duan, "SAR Image segmentation based on
convolutional-wavelet neural network and markov random field," Pattern
Recognition, vol. 64, pp. 255--267, 2017.

[22].F. a. W. X. a. D. J. a. W. S. Gao, "Synthetic aperture radar image change
detection based on frequency-domain analysis and random multigraphs,”
Journal of Applied Remote Sensing, vol. 12, p. 016010, 2018.

[23].F.a. W. X. a. G. Y. a. D. J. a. W. S. Gao, "Sea Ice Change Detection in SAR
Images Based on Convolutional-Wavelet Neural Networks," IEEE Geoscience
and Remote Sensing Letters, 2019.

[24].T. Celik, "Unsupervised change detection in satellite images using principal
component analysis and k-means clustering,” IEEE Geoscience and Remote
Sensing Letters, vol. 6, pp. 772--776, 2009.

Journal of Military Science and Technology, Special Issue, No.66A, 5 - 2020 53



Electronics & Automation

TOM TAT
MOT PHUONG PHAP CAI THIEN PO CHINH XAC PHAT HIEN
SU THAY POI TRONG CAC ANH SAR PA THOI GIAN

Cdc thudt todn phdt hién sw thay doi trong cdc anh SAR da thoi gian da
nhdn dwoc méi quan tém 1om trong cdc thip ky gan ddy va dwoc vmg dung
rong rdi trong cdc hoat dong quan ly, giam sdt tai nguyén thién nhién. Tuy
nhién, nhitng thudt todn ndy van bgc 1o han ché vé do chinh xdc phat hién do
s ton tai o hitu cua nhiéu dom trong cac anh SAR. Bai bdo nay dé xudt mot
thudt todn médi vé phat hién s thay doi ciia cdc anh SAR da thoi gian trén
mat bién. Thudt toan nay da cai thién duoc do chinh xdc vé phat hién su thay
doi ciia cdc anh SAR da thoi gian vé bé mat bién so véi cdc thudt todan diwoc
phat trién gan day.

Tir khoa: Anh SAR; Do chinh xé4c; Phat hién su thay dbi; Anh da thoi gian; Nhidu dém; Anh sai 1&ch.
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