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Application of balanced FCM algorithm on the interpretation of crops re-
mote sensing image

LI Qi-sheng', ZHAO Cheng-ping', YIN Zi-qin’, LI Bo’, ZHOU Xin-zhi'
(1.College of Electronics and Information Engineering, Sichuan University, Chengdu 610065, China; 2. Cloud-computing Academic Society of Yunnan
Province, Kunming 650032, China; 3.College of Water Resource & Hydropower, Sichuan University, Chengdu 610065, China)

Abstract: To solve the conventional fuzzy C-means clustering algorithm ( FCM algorithm) problems including slow
convergence speed for large data sets, the occurrence of neglect of smaller clustered groups when the clustering categories
are uneven, and high requirement on the initial clustering center points, this paper proposed a fuzzy clustering algorithm
model based on balanced data sets ( BDS-FCM algorithm ). To verify the effectiveness, the remote sensing images of Bin
County, Harbin City collected by Landsat8 and Sentinel2A remote sensing satellites in 2018 was selected as experimental
subjects. Results of the experiment show that the proposed BDS-FCM algorithm can improve the conventional FCM algorithm
and verify the effectiveness of BDS-FCM.

Key words:; fuzzy C-means clustering algorithm based on balanced data sets( BDS-FCM algorithm) ; mixed pixel; ar-

ea extraction; image classification
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Fig.2 Working model of fuzzy C-means clustering algorithm model based on balanced data sets( BDS-FCM)
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Fig.4 Schematic diagram of classification effects using different algorithms
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Table 1 Verification of classification of various data sets by fuzzy C-means clustering algorithm model based on balanced data sets( BDS-FCM )

- U _ %%‘Wf _ RIS EER

Tk (1ZL) KFE(IRE) M (12T) (%) (%)

Landsat8 EoK 294 4 2 96.2 92.98
IKAE 3 45 6
M 3 1 142

Sentinel2A EoK 292 7 6 94.8 90.34
KRG 5 43 5
N 3 0 139
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Fig.5 Comparison of cluster images of fuzzy C-means(FCM) algorithm
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Table 2 Comparison of statistical results of mixed pixels before and

after decomposition

Al R
Landsat8 J5U4A%d 160 462 22393 122 624
Landsat8 JEIREHE 73 15 St 109 424 21367 174 689
Sentinel2A JFUIA 238841 29897 208 449
Sentinel2A IR 4 fift J5 A4 222 009 31227 223951
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Table 3 Comparison of area statistical accuracy before and after

mixed pixels decomposition
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Bt
ko kE s (%)
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Sentinel2A JFIAHUE/MREEDE  95.17 94.65 9591 9538
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