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Fig.1 Flowchart of Our Proposed Method
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Fig.2 SAR Image Datasets of the Yellow

River and Handan
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Fig.4 Results of Change Detection for the Yellow
River Dataset by Different Methods
(Without Denoising Method)
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Fig.5 Results of Change Detection for Handan Dataset by
Different Methods
(Without Denoising Method)
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Tab.1 Evaluation Indicators Results of Change Detection
of Two SAR Datasets by Different Methods
(Without Denoising Method)

GRS WIRN FP FN  OE Kappa
DI, ,-FCM 10636 1928 12564 0.544 2
F 0 DIy-FLICM 1065 3039 4104 0.8022

9143 0.6356
3830 0.822 6

HiafE  DI,,~-MRFFCM 6987 2156
DI ,~-MRFFLICM 1588 2242

DI, ,-FCM 154 836 5078 159 914 0.188 0
5 2 DI;,-FLICM 33531 7046 40567 0.5450
¥4 DI-MRFFCM 137705 4856 142561 0.217 3

DI;,-MRFFLICM 28893 5304 34197 0.6053
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L6 AN [l 5 ik x5 4 43 1) 22 Al A 0 495 2R
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Fig.6 Results of Change Detection for the Yellow

River Dataset by Different Methods
(with Denoising Method)
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Fig.7 Results of Change Detection for Handan Dataset by
Different Methods (with Denoising Method)
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Tab.2 Evaluation Indicators Results of Change Detection of Two SAR Datasets by Different Methods
(with Denoising Method)

GRS Tk FP FN OE Kappa & ¢

DI, y-Lee 33 -MRFFLICM 1723 2483 4206 0.804 6

A ) DI, y-Frost €% -MRFFLICM 1487 2339 3826 0.8217
GRS E/E S o

DI, -4 18 38 3 -MRFFCM 1588 2242 3830 0.8226

DI, ,-VDM-MRFFLICM 1794 2026 3820 0.825 2
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I K50 4l 4 R

DI, - #4143 3 -MRFFCM 15 352 4 664 20016 0.734 4

DI,,-VDM-MRFFLICM 14 812 4276 19 088 0.746 2
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Fig.8 Results of Change Detection forthe Yellow River Dataset by Different Methods
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Fig.9 Results of Change Detection for Handan Dataset by Different Methods
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Tab.3 Evaluation Indicators Results of Change Detection of Two SAR Datasets by Different Methods

FYEITE S WIRES FP FN OE Kappa % %k
PCAKM 2137 2663 4 800 0.778 5
NBR-ELM 621 3403 4024 0.801 1
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VDM 2 049 2696 4745 0.780 3
DI,y-VDM-MRFFLICM 1794 2026 3 820 0.825 2
PCAKM 8077 21499 29 576 0.455 1
NBR-ELM 9618 16 727 26 345 0.635 2
S 28 A 41 £ DNN 18162 2161 20 323 0.609 0
IVDM 19 907 3060 22 967 0.7155
DI;-VDM-MRFFLICM 14 812 4276 19 088 0.746 2

Fr ik, DI, ,,-VDM-MRFFLICM 7 & % T 2 ] 3¢ JH PCAKM N NBR-ELM J5 ¥ 3 15 (14 745 4k 46
P 4 19 25 A0 A D0 2k SR A . X T IR A s 4, R KB H B SR k2, i, X 9 f
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SAR Image Change Detection Based on Variational Method and Markov
Random Field Fuzzy Local Information C-Means Clustering Method

WANG Chang'? ZHANG Yongsheng® WANG Xu®’
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Abstract: Objectives: In order to improve the accuracy of SAR (synthetic aperture radar) image change
detection, this paper proposes a method of SAR image change detection based on variational method and
Markov random field fuzzy local information C-means clustering (MRFFLICM) method.Methods: First-
ly, we fuse the logarithmic ratio images and logarithmic mean ratio images to construct the difference
image. Secondly, variational denoising model is established to remove the noise from difference images.
Finally, the spatial neighborhood information is introduced into fuzzy local information C-means clustering
method by using Markov random field to improve the clustering performance.Results: Experiments on two
real SAR datasets show that the proposed variational denoising method can avoid removing the small
change region and effectively suppress speckle noise of SAR image. Conclusions: The MRFFLICM
method can effectively improve the precision of change detection, thus enhancing the adaptability of change
detection method.

Key words: variational method; Markov random field; fuzzy local information C-means clustering method;

SAR images;change detection
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