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Crop Classification Based on Data Fusion of Sentinel —1 and Sentinel —2

GUO Jiao'* ZHU Lin' JIN Biao'*
(1. College of Mechanical and Electronic Engineering, Northwest A&F University, Yangling, Shaanxi 712100, China
2. Key Laboratory of Agricultural Internet of Things, Minisiry of Agriculture, Yangling, Shaanxi 712100, China)

Abstract; Since remote sensing technology based on optical images is usually influenced by cloud and
rain, it’ s difficult to acquire continuous crop growth curves in some areas. Radar, as an active remote
sensing technique, can overcome the disadvantage successfully. Taking the farm located in the city of
Weinan of Shaanxi Province as study area, two methods of maximum likelihood ( ML) and support vector
machine (SVM) were adopted to combine multi-sensor remote sensing data of Sentinel —1 and Sentinel — 2,
and thus improve crop classification accuracy. The results showed that classification results with fusion
data were better than those of optical data. The classification result of fusion data composed of Sentinel — 1
and Sentinel =2’ s red, green, blue and near-infrared bands with no cloud were improved evidently with
SVM method. The overall accuracy and Kappa coefficient were raised by 2 percentage points and
5 percentage points, respectively. In the case of a few cloud cover in the study site, the overall accuracy
and Kappa coefficient with ML, method were increased by 2 percentage points and 4 percentage points,
respectively. With SVM method, the overall accuracy and Kappa coefficient were raised by almost
6 percentage points and 8 percentage points, respectively.

Key words: crop classification; optical image; radar image; data fusion; support vector machine;
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Tab.1 Main land covers in study area
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Fig. 1 Images of experimental area
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Tab.2 Main parameters of Sentinel — 2
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Fig.2 Five land covers parameters distribution of different bands
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Fig.5 Classification results of SVM based on four bands of S2 in data with no cloud
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Tab.3 Classification result evaluation of SVM based on four bands of S2 in data with no cloud %
PO B % %
5 H A ‘ L — HIRI R Kappa % #
INFE Bt Tk EEG KA B
I B 97. 60 73.53 82.75 83. 15 56. 18 90. 10 80.78
il A Bl 97.94 86.76 82. 00 81.12 61.16 92. 68 85. 68




196 g A Al

L

2018 4

24 A7, Kappa REHR T 5 N AR T35,
HIF SVM X & S2 K54k 37 Be B0 10 1906 2 Xl K
H5 SURA BT R 2026 i T2 4RI
P BT 7 LB Rl X > R A R AR T2
Bl oW 8 Azt . 28 b X F 0 2 $ods , S2 R Ak I
Be b HA A SVM 23 2875 i il ot 45 1 Lot
PR P R B B T ML T kX g3 SRR Y ek
R o

(b) BB i

3.2.2 xR R A A

XA 2 2 55 B IR RE 43 3R ML i SVM
2 FOTIEIEA TV 025, R FE ML 35X S2 HLT B K
ULLT AN 4 A B IS ST VV VH 5 B il A 5 ot
FPARAEY 4328 45 RN E 6 TR, JLHh &l 6a O S2 )%
i 2 K 6b SR 22 K 6¢ g S2 5 S1 H Rl
BRAE LR B 6d AR . X0 A AR VED
PUIKE BE AR 7 HAE B Kappa RECUNFE 4 R,

(o) T AT BRI (d) B KR ARIR 2

K6 ML abBE S2 RRAE S Bl 4 B9 = U 4y 2R 45 20

Fig. 6  Classification results of ML based on four bands of S2 in data with cloud
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Tab.4 Classification result evaluation of ML based on four bands of S2 in data with cloud %
UG E Ry
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Fig.7 Classification results of SVM based on four bands of S2 in data with cloud
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Tab.5 Classification result evaluation of SVM based on four bands of S2 in data with cloud %
ORI Ty
mH - ﬁjﬁx v~ éﬁgiﬁ Kappa %%
INEE +t E/N EEi K i
e 2F B 82. 60 63.61 65.32 86. 37 56. 10 76. 45 58.47
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Fig. 8 Classification results of SVM based on ten bands of S2 in data with cloud
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Tab.6 Classification result evaluation of SVM based on ten bands of S2 in data with cloud %
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