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Cultivated Land Extraction from High Resolution Remote Sensing Image
Based on Convolutional Neural Network

CHEN Lingling'> SHI Zheng'®> LIAO Kaitao'> SONG Yuejun'® ZHANG Hongmei’

(1. Jiangxi Academy of Water Science and Engineering, Nanchang 330029, China
2. Jiangxi Key Laboratory of Soil Erosion and Prevention, Nanchang 330029, China
3. School of Hydraulic and Ecological Engineering, Nanchang Institute of Technology, Nanchang 330099, China)

Abstract. It is of great significance for agricultural resources monitoring to accurately extract cultivated
land map information from remote sensing images. To improve the defects of traditional models for
extracting cultivated land and solve the problem that most FCN model pays more attention to accuracy but
ignores the consumption of time and computing resources, a lightweight model for extracting cultivated
land map spots was established based on FCN ( LWIBNet), and post-processing combined with
mathematical morphology algorithm were used to carry out automatic extraction of cultivated land
information. LWIBNet drew on the advantages of lightweight convolutional neural network and U — Net
model, and it was built with the core of Inv — Bottleneck ( composed of deep separable convolution,
compression — excitation block and inverse residual block) and the skeleton of efficient coding — decoding
structure. Compared LWIBNet with the cultivated land extraction effect of traditional model, and the
computational resources and time consumption of classical FCN model. The results showed that LWIBNet
was 12. 0% higher than the Kappa coefficient of the best traditional model, and compared with U — Net,
LWIBNet had 96.5% , 87.1% ,78.2% and 75% less parameters, calculation, training time and split
time-consuming, respectively. Moreover, the segmentation accuracy of LWIBNet was similar to that of the
classical FCN model.
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Tab.1 Specific structure and parameters of encoding part
FREAE P % AR BlEEH JE G- AL T R BT PN i 3B % ity R
256 x256 x3 Conv + BN,3 x3 - ReLU6 2 - 128 x 128 x 16
Erp 128 x 128 x 16 Inv — Bottleneck ,3 x 3 - ReLU6 1 16 128 x 128 x 16

128 x 128 x 16 Inv — Bottleneck ,3 x 3 - ReLU6 2 72 64 x 64 x24
Eorr 64 x 64 x24 Inv — Bottleneck ,3 x 3 - ReLU6 1 88 64 x 64 x24
64 x 64 x24 Inv — Bottleneck ,5 x5 vV H_swish 2 96 32 x32 x40
E—-FP3 32 x32 x40 Inv — Bottleneck ,5 x5 vV H_swish 1 240 32 x32 x40
32 x32 x40 Inv — Bottleneck ,5 x5 Vv H_swish 1 240 32 x32 x40
32 x32 x40 Inv — Bottleneck ,5 x5 vV H_swish 1 120 32 x32 x48
E - FpP4 32 x32 x48 Inv — Bottleneck ,5 x5 Vv H_swish 1 144 32 x32 x48
32 x32 x48 MaxPooling,2 x 2 - - - - 16 x 16 x48

16 x 16 x48 Inv — Bottleneck ,5 x5 vV H_swish 1 288 8 x8 x96

8 x8 x96 Inv — Bottleneck ,5 x5 vV H_swish 1 576 8 x8 x96

£ FPS 8 x8 x96 Inv — Bottleneck ,5 x 5 \V H_swish 1 576 8 x8 x96

8 x8 x96 Conv + BN,1 x 1 - H_swish 2 - 8 x8 x96
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RS IE LA K 22 I B R il B AL B 1 0 BE R 2 m
FRBIAR 521 A B 22 N T H AL A 158 ) 0 e O e B A

2.1

SRR AR B B OB AT K X
B RS B 2 R AR WU I g R R AR
IV PR A i Ok ek a1 O A 28 Rl , I R 1R L RO
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Tab.2 Specific structure and parameters of decoding part
i fiE 1B 3% iy AR PRz FEA-WR LG WIS R PSS i 18 £ LN
D - FP1 8 x8 x96 Conv,2 x2 + UpSampling,2 x2 - ReLU 1 - 16 x 16 x 48
16 x 16 x48 Inv — Bottleneck ,3 x3 Vv H_swish 1 144 16 x 16 x48
D - FP2 16 x 16 x 48 Conv + BN ,3 x3 - ReLU 1 - 16 x 16 x 48
16 x 16 x 48 Conv,2 x2 + UpSampling,2 x2 - ReLU 1 - 32 x32 x40
32 x32 x40 Inv — Bottleneck ,3 x 3 vV H_swish 1 240 32 x32 x40
D-FP3 32 x32 x40 Conv + BN,3 x3 - ReLU 1 - 32 x32 x40
32 x32 x40 Conv,2 x2 + UpSampling,2 x2 - ReLU 1 - 64 x 64 x24
64 x 64 x24 Inv — Bottleneck,3 x3 - ReLU6 1 88 64 x 64 x24
D - FP4 64 x 64 x24 Conv + BN,3 x3 - ReLU 1 - 64 x 64 x24
64 x 64 x24 Conv,2 x2 + UpSampling,2 x2 - ReLU 1 - 128 x 128 x 16
128 x 128 x 16 Inv — Bottleneck ,3 x 3 - ReLU6 1 16 128 x 128 x 16
D - FP5 128 x 128 x 16 Conv + BN,3 x3 - ReLU 1 - 128 x 128 x 16
128 x128 x 16 Conv,3 x 3 + UpSampling,2 x2 - ReLU 1 - 256 x256 x2
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Tab.3 Related information of high-resolution

remote sensing images
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CPU E5 — 2687W; GPU }y NVIDIA GeForce GTX
1070; #: /E & %5 & Windows 10; 7F &% T H K
Tensorflow2. 3 + Python3. 8,
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Fig.3 Spatial distribution information map of cultivated

land spots in Yifeng County extracted by LWIBNet
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Fig.4 Overall comparisons of cultivated land patches extracted from test images by various models
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Fig.5 Comparisons of details of cultivated land patches extracted from test images by different models

2.4.2 fEGRALY LWIBNet B A1E & X [

F 4y LWIBNet # # 5 £ 55 8 AU {1 5 & 0F 4
g5, K4 A F BT A B S AL 3 E By £ 4
PR T AL PRAET, ML RF ,SVM ) Kappa % %X Lt 4b
PRET A M T T 7.7% . 9.6% F1 10.3% , i
LWIBNet 5% 2 J5 4b 3 5 09 $2 FH 5 4, e 7+ 1
0.008, 7F 3 ML BIRI th ML (13743 A%, I SVM
W& = T RF. LWIBNet #2700 (1) 25 W3 43 & 25 0L T 1%
SRR, LL R IR A AL GEBORS FL (R4 5 11.6% ,
OA $75 5.2% ,MloU &5 12.2% ,Kappa R4 5
12.0% ,

%*4 LWIBNet 5EZRE K E ST MIEIRITIE

Tab.4 Comparison of quantitative evaluation indexes

between LWIBNet and traditional model

BUEKERE YA Kappa

o FLE (0A) (MloU) EXie
ML 0.638 0. 830 0. 643 0.610
ML J5 Ab#g 0. 681 0. 878 0. 688 0. 657
RF 0.702 0. 840 0.672 0.706
RF J5 4b 3 0.759 0. 883 0.735 0.774
SVM 0.701 0. 847 0.676 0. 705
SVM J5 4b 2 0.764 0. 892 0.743 0.778
LWIBNet 0. 845 0.931 0.823 0. 863
LWIBNet Ji 4b #f 0. 853 0.938 0.834 0.871
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Fig. 6 Each deep learning model extracted whole contrast of cultivated land patches from test images
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Tab.6 Quantitative comparison of extraction results
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