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Fig.3 Experimental images and manual change detection result
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Fig.4 Change effect images(5% salt and pepper noise)
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Tab.1 Change detection model performance
comparison (5% salt and pepper noise )

- FCM -SBN -  SVM - Fgﬁ% ~ KFCM_S2 -
CVAPS CVAPS cvaps  SBN-CVAPS
il % 0.341 0.684 0.209 0.325
TRk R 0.202 0.070 0.076 0.095
FERUN iy 0.953 0.841 0.975 0.959
Kappa 2% 0.647 0.406 0. 844 0.751

CVAPS FVLAAAE KR B A DI, AR fE A Kap-
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XA 7D, AR A A I Kappa (B350 24 0. 844
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TRy A R A DX R, T BOH AR A A RS B AR T
FCM_S2 —SBN — CVAPS %yt M 1 Hpaf L& R,
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(a) 2017 4 Landsat8 55{%

(b) 2019 4¢
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Fig.5 Change detection effect images( Gaussian noise with zero mean, variance 0.01)
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Tab.2 Change detection model performance comparison

( Gaussian noise with zero mean, variance 0.01)

m T S T e
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JEAKE B 0.923 0.898 0.973 0.977
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6 SRS IR A WS (0. 5% Bk e s F 2y
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Fig.6 Change detection effect images(0.5% salt and pepper noise + zero mean, gaussian noise with variance 0. 001)
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Tab.3 Change detection model performance comparison
(0.5% salt and pepper noise + zero mean,

gaussian noise with variance 0.001)

e FCM - SBN — SVM - FLICM —
AP CVAPS CVAPS SBN — CVAPS
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kR 0.006 0.291 0.187
AR 0.957 0.898 0.979
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H3.5,

B 7 R T 4 Firdgask SR A B2 AN R R RE A
RN R TR 7S U5 YL R Y Kappa R4, Q11& 7 (a)
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Rb 3R AZ v S P T e R I, L Kappa R BUER
UERH 2 o) i e s e vk . (AR R
()2 ,KFCM_S1 — SBN — CVAPS %y 75 &5 17 M i 4%
RN G 12 BT 2 78 A A TG



<102 - B % OB oE R 2023 £
0.85 A A a
0.80 . 08 ° v
1 ®
0.75 . A R
Z 470 . o ¥ = 2
= N & 0.6 . b
W& 0.65 3 WG
< . < . .
= 0.60 e &
g . £ 04| = FCM-SBN-CVAPS
J 0.55 | = FCM-SBN-CVAPS . & e o M
e e T e 4 FCM_S2-SBN-CVAPS .
RO S ® + KFCM_S1-SBN-CVAPS
0.45 | ¥ KFCM_S1-SBN-CVAPS 02t S 1= = -
+ KFCM_S2-SBN-CVAPS . 2+ KFCM_S2-SBN-CVAPS
0.40  « SVM-CVAPS SVM-CVAPS
5% 6% 7% 8% 0.005 0.010 0.015 0.020
ey i e U AR (O 22 1H)

(a) HUERMEAS

(b) g

B 7 SVM - CVAPS . FCM - SBN - CVAPS &ixf1 4 Mt E xR E SR ER
Fig.7 Noise sensitivity diagrams of SVM — CVAPS, FCM - SBN - CVAPS algorithms and four improved algorithms
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R — SR AG DX SR TE A DXl 7 — o R Y
TE R TR S I 2 ME, T 26 0. 020 B, KFCM_ST -
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F14) A5 1 DX 358 PR vy B Mg P 2 i) A8 s 3 A 4 PR 4 )
145F, htFE H, KFCM_S1 - SBN — CVAPS Joikf
RUCHRTT AR e TR 75 4 50

i F FLICM B3k 2N T e S5, H
AL A A N AS [F] 26 AU B MR RS DA O AS S 5 B %
FLICM — SBN — CVAPS &3 A3 MG T 2 — M s
(HUERMATS 0. 4% HERMETS 0. 6% FIEIMH, J5 250
0.001 )y e rs ) AR G s (191, Jr 220. 001

) TS +0.2% /0. 4% /0. 6% UL MR ) 1) 1E
JREMG AT A2 A A I AT e P R 0 B DAER 4 7]
AT, XY B4 59 B, FLICM — SBN — CVAPS %47
Lt FCM — SBN — CVAPS By Hr Mg v o i, v] DL A4y
i AL 357 B — W SRR M PR T Y i R U T
B 1) Kappa {6 7EFBIMA, J7 22 0. 001 (1% 755 07 e
7R, FLICM — SBN — CVAPS .3 [t FCM -
SBN — CVAPS Fil SVM — CVAPS %47 i Kappa {5 4%
Al 0.352 F1 0. 257, FETR A M (M, 7 2
0.001 [y i i M 75 + #UER MR 75 0. 2% ) 2 T,
FLICM - SBN - CVAPS %3 L. FCM — SBN — CVAPS
F1 SVM — CVAPS %43 /1) Kappa {43 51 &5 0. 094 FI
0.186, #RTM, 24 M 7 75 Yy ™ & i, FLICM — SBN —
CVAPS ke lies B2 4 11%
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Tab.4 Noise sensitivity table for FLICM — SBN — CVAPS ( Kappa coefficient value)

MR RERNE I, T2 FIME, J5ZE0N 0001w FIY(E, J52E 0 0.001 @ F I, J72E 05 0. 001 5
0.001 Faflpl MR + HUERMRAS 0.2% MR + HLERMEFS 0.4% IS + 1IELIEFS 0. 6%
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Noise — resistant change detection for remote sensing images based on

spatial fuzzy C —means clustering and a Bayesian network

WANG Zihao', LI Yikun'??, LI Xiaojun'*’, YANG Shuwen'*"
1. Faculty of Geomatics, Lanzhou Jiaotong University, Lanzhou 730070, China; 2. National — Local Joint Engineering Research
i 8 Y g g

Center of Technologies and Applications for National Geographic State Monitoring, Lanzhou 730070, China; 3. Gansu

Provincial Engineering Laboratory for National Geographic State Monitoring , Lanzhou 730070, China)

Abstract; Currently, most change detection algorithms for remote sensing images fail to effectively process images

polluted by Gaussian, impulse, or mixed noise. To address this problem, this study presented five fuzzy C — means
(FCM) clustering algorithms ( FCM_S1, FCM_S2, KFCM_S1, KFCM_S2, and FLICM) based on neighborhood

space information. These algorithms, which can efficiently decompose mixed pixels in the presence of noise

pollution, were combined with a simple Bayesian network (SBN). Under the framework of change vector analysis

in posterior probability space (CVAPS), this study developed five change detection methods for remote sensing

images, exhibiting high resistance to Gaussian, impulse, and mixed noise. Comparative experiments demonstrate

that the change detection algorithms proposed in this study manifest high robustness against the above — mentioned

noise.

Keywords: change detection; fuzzy C — means clustering; simple Bayesian network ; change vector analysis in pos-

terior probability space
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