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Change Detection in SAR Images Based on Evolutionary Multi-objective Clustering

ZHOU Yu',YANG Junling’ and DANG Kelin'

1 School of Electronic Engineering, Xidian University,Xi’an 710071, China

2 Military Science Information Research Center, Academy of Military Sciences,Beijing 100142, China
Abstract SAR images change detection is a challenging task in the field of remote sensing,and it is an urgent problem to keep
trade-off between robustness to noise and effectiveness of preserving the details. However,in order to better suppress speckle
noise, it is inevitable that most of change detection methods loss image details to some extent. In order to solve this problem,a
multi-objective clustering algorithm based on MOEA/D is proposed for change detection in SAR images. The change detection
problem is formulated as a multi-objective optimization problem. Two conflicting objectives are constructed and then optimized by
the proposed multi-objective clustering algorithm simultaneously. Finally, we obtain a set of change detection maps by the pro-
posed technique. And the users can choose an appropriate one to satisfy their requirements. Experimental results on two SAR
images show that the proposed method works well.

Keywords SAR images,Change detection,Speckle noise,Image details, Multi-objective optimization,Clustering
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on evolutionary multi-objective clustering
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Fig. 6 Change detection Pareto front on Ottawa dataset
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Fig. 7 Representative change maps on Ottawa dataset
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Fig. 8 Details of the representative change maps on Ottawa dataset
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Table 1 Representative results on Ottawa dataset

No. N MA/ % NFEa FA/%
1 58 0.41 6364 7.46
2 105 0.74 3047 3.57
3 359 2.52 1666 1.95
1 670 1.71 921 1.08
5 999 7.02 659 0.77
6 1364 9.59 186 0.57
7 1812 12.74 356 0.42
8 2246 15.79 278 0.33
9 2662 18.71 198 0.23
10 3097 21.77 140 0.16
11 3575 25.13 92 0.11
12 3901 27.42 75 0.08
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Fig. 9 Representative change maps on Yellow River Estuary

dataset
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Table 2 Representative results on Yellow River Estuary dataset

No. Nuya MA/ % Nrga FA/%
1 220 4,49 1248 11. 14
2 287 5. 86 659 5.88
3 412 8.41 428 3.82
4 639 13.04 236 2.11
5 783 15.98 149 1.33
6 894 18.25 108 0. 96
7 1036 21.15 82 0.73
8 1220 24.90 50 0.45

METFE 9, 9Ca) 5 9(b) M A48 K, B 9(g)

#3
Table 3
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Fig. 10 SAR images change detection maps of comparative

experiments
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Representative change detection results on Ottawa dataset

Comparative results on Ottawa

Comparative results on Yellow River

Indicator dataset Estuary dataset
FTC-CD MRFFAC Proposed FTC-CD MRFFAC Proposed
Nna 1049 2253 670 705 938 639
MA/ % 7.37 15. 84 4.71 14. 39 19. 14 13.04
Nga 2176 382 921 829 57 236
FA/% 2.55 0.48 1.08 7.40 0.51 2.11
PCC/% 96.75 97.35 98.40 90.47 92.58 94.57
Kappa 0.9003 0.9154 0.9301 0.7930 0.8306 0.8688

IR R T A S I 3k 5 FTC-CD.MRFFAC 43 i)
TEVR R AR B0 45 5 v W O 0dE 4 1 5 Il SAR 38 IR GE (R AR
A I B B R) . LB R RS AT R B AR ), EAR S Bl R - b
2% % Intel(R) Core(TM) i9-13900K CPU, P f¢ 32 GB, ¥f
iR Python 3.8.5., B ILBITRIM ANk 4 g,

FA4 LB PGS

Table 4  Statistics of algorithm running time
(min)
Dataset FTC-CD MRFFAC Proposed
Ottawa 19.57 23.10 31.27
Yellow River Estuary 4.22 5.32 7.09

hE 4 Al [ M BT FTC-CD 5 MRFFAC B . A X

P 1 0 B AT 4 57 0 W [ A7 A0 92 0 T Sk M e 1 4
Fho R KAEEIEE L ER R E AT T 1.65%
51,05 % ; 7E T FBOHE 48 , IE B 4 25 A G b 4 B R T
T 4.10%5 1.99% . BuAb 2 SCH L TT 4R 4k 22 41 A8 {0 6 T 235
SR S R PR T R U TR AR L TR A ) T AR A 2 48 A T 1Y
ghaR,
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R 2 . R MOEA/D X 82 1 (9 A4~ 48 . vh 28 19 B 47 [7)
Bt AT P AR I S5 1 B T A R — 4 B S, P T DL R
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