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High-resolution remote sensing arable land information extraction method
based on improved DeepLab v3+ model and transfer learning

MAO Xing'*, JIN Jing"?, ZHANG Xin'?, DAI Pei-yu'*, REN Ni'?
( L. Institute of Agricultural Information, Jiangsu Academy of Agricultural Sciences, Nanjing 210014, China; 2.Key Laboratory of Intelligent Agriculiural
Technology ( Changjiang Delta) , Ministry of Agriculture and Rural Affairs, Nanjing 210014, China)

Abstract:  The complex multi-source data features and heavy sample annotation work in the practical remote sensing
arable land information extraction work will lead to low accuracy and insufficient automation of high spatial resolution image
interpretation. In view of the above problems, based on DeepLab v3+, we proposed a convolutional network model DEA-Net

that incorporated the neighborhood edge weighting module (NEWM) and the axial attention mechanism ( CBAM-s) , and

combined the transfer learning method to extract arable

{78 B #9.2022-09-15 land information of high-resolution remote sensing images.
EETE & 45 PE R0 oW £ 48 5 K% 55 (74-Y50G12-90-01-22/ First, the NEWM was added to the shallow network struc-
23) ture to improve the continuity of features under high reso-

EEBN:E E(1991-) 5 JTHEIT A M+ TR, FEMNF lution and refine the granularity of edge segmentation.
AN 3E A 73 A 5 FHIBESE . (E-mail ) maoxing@ jaas. Then, the CBAM-s was added to the deep network struc-
ac.cn ture to increase the attention weight of fine features and re-

BHAEE L B, (E-mail) m@ jaas.ac.cn duce the loss of features due to deep convolution. Finally,
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the idea of transfer learning was adopted to reduce the sample annotation workload and improve the learning ability of the

model. The source domain dataset was constructed using the Gaofen image dataset ( GID) for model pre-training, and the

acquired model parameters and weight information were migrated to two different target domain datasets produced by big da-

ta & computing intelligence contest ( BDCI) and national artificial intelligence challenge ( NAIC), and fine-tuned and

trained for arable land information extraction. The results showed that the method constructed in this study could enhance

the spatial detail learning ability of the model, improve the semantic segmentation accuracy of arable land, and reduce the

number of training samples by more than 2/3. It can provide new ideas and methods for remote sensing arable land informa-

tion extraction and intelligent utilization of agricultural data.
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Table 1 Accuracy of different models on source domain dataset

i PA MPA MloU KaP,pa
(%) (%) (%) ES

SegNet 85.12 83.62 73.55 0.784 0

UNet 86.20 84.89 76.08 0.798 9

DeepLab v3+ 86.90 85.57 78.50 0.819 9

DEA-Net 88.49 86.44 80.11 0.833 7

PAARFRUERRH  MPA  ZE5F BRI 3 MIo U F 2035 1L

UNetfxif!  DeepLab v3+f5l DEA-Netf5i/l

NP

B9 FEERERSHEE LARRHR

Fig.9 Extraction effects of different models on the source domain dataset
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Table 2 Results of ablation experiments with different modules

FL AR NEWM CMAM-s PA(%) MPA( %) MIoU( %) Kappa 244
% 86.90 85.57 78.50 0.819 9
vV v 87.32 85.94 79.23 0.824 6
VvV v 87.86 86.15 79.37 0.828 9
v 2 vV 88.49 86.44 80.11 0.833 7
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Table 3 Accuracy of different methods on target domain dataset

H bR g 42 EEES LIEyiEz PA(%) MPA( %) MIoU( %) Kappa R4
BDCI $i4i 4 DeepLab v3+ TR 2] 86.52 84.17 81.57 0.698 4
TiEHF ] 85.61 83.99 80.09 0.683 3
DEA-Net TR 86.95 84.81 82.04 0.709 0
Tt 85.40 83.63 79.89 0.677 8
NAIC HiR 4 DeepLab v3+ E#aE2] 83.96 84.00 74.67 0.675 7
TiTFF] 81.94 81.57 72.55 0.632 2
DEA-Net T2 84.59 84.01 76.43 0.684 5
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