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JE A BORMRGE R e, “Im 3™ AT o HIAR
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ZW, TR AT 4 05 20 EE Rl AL B,
TE 2 m 73 BER 18 B R

JIT FH () B b s B i AR AR 5 =ik H
TR 7E ArcGIS10.8 h T T A 258 .,
[ A 2 B8 T R B = A, R IR MEIRE &
B ) B AR M B AT ok, ) 4 58 R
HEH L B 222,18 km®, DA AR RDZ AL PERE IR X
71.75 km® By MO I T, 280 2 NHR IR 10% 1Y T
BT R, —BE KT 98% (K 2),

J T AGIE DN GRREAS B 25 i 0 % B RSk
M4 N5 18 BGAR R 3 BRSO b As SCF, SR
HEEG G — R T U R b3, HART R 4
P& SCIE 5 18 B AR SR VT I 256256 13 25 52



2852 National Remote Sensing Bulletin i &5k 2024, 28(11)

183, A B ) RN ) 4l 1 B 128 R RN EH &,

SRR AS i R SRR YE , fe s AR Rl 3480 4

256%256 [R5 5, Hirdb 30004 FH TR A )11 25,

360 TEIE, 1201 TR Y 25 )3z AL 1R fE
Ml (& 1) o

116°E 118°E 120°E 122°E 118°20'E 3°50’N 118°40'E
T T T T T 1
Tl B i
38°N = 37°40'N
36°N = 37°30'N
- 151
g Clamam
=1 37°20'N
34°N £ 1 1 1 1 1 . 1 1 1
114°E 116°E 118°E 120°E 122°E 18°00'E 118°20'E 118°40'E
(a) FFHETEIAR A RO E (b) FhE AR MO B

(a) The location of Lijin County in Shandong Province

(b) The location of Yanwo district in Lijin County

1 WFFE XL E R B A

Fig. 1 The location of study area and satellite images
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Fig. 3 The Field=Net model architecture
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R C B IE R — N kT (Wang
2 2017; WooZE, 2018; Fu?y, 2019). AZKHE
WS —sk I R 2 )5, 2 R T .
R, 27 5 R DR I — AL 5 | 3345 Bpp 28 1) 4%
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TR IX1 BB Y sigmoid T 2 . g, 23t
A 11 BB G E 0 wxhx1 . @ F R IRAERFE
5B WREZ RIR SR . &5, IR IR ER:
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Fig. 4 Example of input samples with multi-task label
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VOC Bk BE P S T e WOAS EE, JF 9 TR
PR (Li il Dong, 2022) Fl+i# 56K (Liu
4, 2021) FALSH.

HRNet J& — N IFAT B TZE M, 1231 2%
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Fig. 6 The relationship between multitasking weights and F,—Score
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Table 2 Accuracy, parameter, and efficiency comparison between Field—Net existing models

T4 i F,~Score/% Mean 10U/% 10U/% OA/% ZH A /m L FH B /min
Field-Net 93.07 85.40 87.05 92.23 115 20:23
HR-Net 91.91 83.19 85.03 90.95 9.5 23:04
D-LinkNet 91.29 81.95 83.98 90.22 328 16:28
LinkNet 92.93 85.26 86.79 92.14 28.3 29:58
DeepLab v3+ 88.56 77.10 79.46 87.23 119 16:01
Psi-Net 87.71 75.60 78.11 86.27 7.85 6:01
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Fig. 9  Comparison between Filed—Net prediction results and other models
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Table 3 Accuracy assessment for DL models on

spatial generality

1%

R4 B F,~Score  Mean 10U 10U 0A
Field—Net 94.98 71.55 90.45 91.36
HR-Net 93.61 67.70 87.99 89.17
D-LinkNet 92.39 65.98 85.85 87.38
LinkNet 93.46 68.04 87.73 88.99
DeepLab v3+ 93.83 48.55 88.38 88.51
Psi-Net 94.23 60.26 89.09 89.61
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Fig. 10 Comparison of spatial generalization performance for different models
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Fig. 11 The results of agricultural field in the study area
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Table 4 Spatial attention mechanisms and multi—-task

learning ablation experiments
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R F=Score 10U  Mean IOU  OA
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Fig. 12 Comparison of DeepLab v3+ model and Field—Net

model features
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Fig. 13 Field size map of arable land in Lijin County
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Abstract: The accurate identification of agricultural fields, which are the smallest units of agricultural farming, is crucial for monitoring
land resources and arable land utilization. Manual mapping methods are time-consuming and expensive, and they are incapable of real-time
or near-real-time updates. To enhance agricultural field delineation efficiency, we introduce Field-Net, a field segmentation model that
leverages a spatial attention mechanism and multitask learning in this research.

Field-Net is based on the UNet architecture. It combines a spatial attention mechanism and a multitask learning approach. In addition to
the segmentation task, we incorporate boundary identification and distance to the field boundary as two additional tasks, enabling the model
to learn representative features related to fields. The model’ s performance was evaluated using Gaofen-1 and Ziyuan-3 satellite images with
a spatial resolution of 2 m in Lijin County, Dongying City, Shandong Province. We labeled 3,480 tiles that measured 256x256 pixels in
YanWo District, with 3000 used for training, 360 for validation, and 120 for the spatial generalization performance test.

We initially analyzed loss weight for the three tasks, i.e., mask, boundary, and pixel-to-boundary distance, in multitask learning by
using a gradient test. For multitask learning, loss weight should prioritize the mask segmentation task as the primary task, while other tasks
should be considered secondary. Across the entire test set, Field-Net achieved an overall accuracy of 92.23% and an Intersection Over Union
(IOU) of 87.05%. We compared Field-Net with four state-of-the-art architectures: DeepLab v3+, HRNet, LinkNet, and D-LinkNet. Field-
Net outperformed all of them in semantic segmentation tasks, with an IOU that was 0.26% higher than Link-Net, the most accurate among
the four compared models, and 7.59% higher than that of DeepLab v3+. In the spatial generalization performance test, the average IOU of
the Field-Net model was 3.51% higher than that of the Link-Net model, and spatial generalization performance was significantly improved.
Ablation tests demonstrated that the spatial attention mechanism and multitask learning strategy improved the F1 score by 1.01% and IOU
by 1.6% compared with the ResUNet model. The multitask learning strategy led to an improvement of 0.18% in F1 score for Field-Net and
an improvement of 0.21% in IOU.

Although challenges remain in identifying contiguous fields due to unclear boundaries, future enhancements can incorporate
multitemporal and high-resolution remote sensing images to improve field feature discrimination. Feature visualization analysis revealed
that the spatial attention mechanism and multitask learning strategy enabled the model to learn clustered features at field boundaries and
within plots, enhancing feature representativeness. Overall, the Field-Net model supports the field-level monitoring of cropland use,
including nonagricultural applications, such as grain production, enhancing the efficiency and timeliness of land resource monitoring. In
generating the field dataset of China, complex and fragmented croplands pose considerable challenges to this task. In the future, the problem
of lack of samples for model training can be solved by accumulating field segmentation datasets from different regions by borrowing the
paradigm of Image-Net, while a general model for channels, regions, and sensors should be constructed subsequently. In the future, with the
arrival of the “large model” era of deep learning, constructing a model for the task of parcel segmentation is also necessary to segment every
field from the perspective of model and dataset.

Key words: filed segmentation, Field-Net model, spatial attention mechanism, multi-task learning, GF satellite data
Supported by National Key Research and Development Program of China (No. 2019YFE0126900); The Third Xinjiang Scientific
Expedition (No. 2022xjkk030106); National Natural Science Foundation of China (No. 41861144019); Agricultural Remote Sensing

Innovation Team Project of AIRCAS (No. E33D0201-6)



