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Multitask Agricultural Parcel Extraction via Diffusion Model—

Guided Data Synthesis
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430079;
2. Electronic Information School, Wuhan University, Wuhan 430072)

Abstract: To address the challenges of data scarcity, boundary ambiguity, and poor intra-parcel homogeneity in
remote sensing cropland extraction tasks, this study proposes a diffusion model-driven multi-task cropland
extraction method. By integrating edge morphology, text semantics, and style control into a conditional
diffusion model, diverse synthetic cropland images are generated to mitigate sample scarcity. Additionally, an
edge-semantic-distance multi-task collaborative network is designed to enhance spatial continuity in parcel
extraction results through task complementarity, reducing feature drift effects. Experiments demonstrate that
our method achieves strong performance on the Al4Boundary dataset, with a 3.8% improvement in mIoU over
baseline methods and an outstanding accuracy of 85.9% after synthetic data augmentation. This paper not only
provides a more precise technical solution for cropland monitoring—effectively alleviating sample insufficiency

via synthetic data generation—but also offers valuable references for other land cover segmentation tasks
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through its edge-guided enhancement strategy and multi-source composite loss, particularly suited for cropland

monitoring in annotation-scarce regions.
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Fig.1 Flow chart of multi-task plot information extraction
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Fig.2 Synthetic dataset construction flow chart
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Fig.3 Structural diagram of the spatially enhanced multi-task learning network
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Fig.5 Image generation results for plots with different control conditions
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Fig.6 Qualitative results of parcel extraction
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Table 2 Quantitative results of parcel extraction

(RS KRR R F1 mloU
OCRNet 0.868 0.860 0.864 0.754
BiseNetv2 0.874 0.861 0.864 0.762
DANet 0.875 0.869 0.873 0.776
Unet 0.886 0.883 0.884 0.789
Segnext 0.897 0.892 0.8950 0.811
Deeplabv3+ 0.897 0.900 0.898 0.814
SEMILNet 0.916 0.912 0.915 0.843
SEMLNet+ + 0.923 0.924 0.924 0.859
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Table 3 SEMLNet ablation experiments

F1#F mloU#

SSM MIJLS BAM F1 ToU
e Wil T

0.887  0.805 — —

0.894 0811  0.7% 0.6%
0.910 0.836  2.3% 3.1%
0.915 0.843  2.8% 3.8%

L0040 X
40 X X
X X X

FH LG T R LAY | XU SR TR e i 5| A F L
B mIoU 23 B2 TH0.7% M 0.6% s ZAE 5 BES
) TR — 2B HE S F14» 80F mIoU 48 F+ 2.3 %
315 %5 SR T AN A L F 143 8O
mloU -2 T+ 2.8% M1 3.8% ., M, ZAT 55 Ik & 2
2 PR mIoU [ Tk i b B 35 . SE 45 R 58 oy
B E T 22 RO 2 U5 FRAE Al A 72 R Bl b B £ B 42
WUAE 55 b (A 50t AR S0 il il e i % R AT 5 0
2 T SCRRAE S, SRS pAR M R AR TH AR 8

3 45ig

AR SCHR Y — b P BIORE T 9K 3 (19 22 4 55 MR
BAR U 5 (MAPES-DM) |, L fif e 90 A 3 J8% b 2
5 B4R U7 Wk AT A B4 08 A R 320 BRSO Rt B
PRV [ Jo 22 A R A R R 3 5 T X0 vk 5
AN B 8 2 B A A R A 0 AT A R )
JEAT B B, A 9 BIORE 2 52 B AT 9 e R A
e, LA G835 20 RS SCAR TR SO AR R 22 o0 9 5
BOHE 2R M RE AT R BR A 5 A i BR 23 F LI v AR S

e B R RS2 BT Y ) 2% 45 R LT RE AT B
R M 2 A8 55 £ B 0 OB B il 5 3 2% 51 0
5 5 2 AL 55 2 OB 22 T AL, S0 B2 (W] 454 5
T SCRR AR A9 TR BE A 5, o A 20 S ASEH A R 1) PR A
R 22 N TE SCRFE Bl & 3 Bk 1T SCRFAE , A 2L
KT IEAZ ) 1 IS e R LR A KR B
7B BB IBOSOCR o AN NSEIR SRR A
AEGIAN T ZAL S B R B E A T 0
Tt AT LA M B g3 AT 55 I 265 A B e i N 34
G R SO — DA R A . 28 b AR SO
3 588 A0 ) 25 BT O 1 36 T, O Bk B R I 0
BT AT SR IR R T TR R A S
AR ERS B S B R e W O3 BT 55 R
T AN ENZS% .

S E Xk

(1] BT, IhENE, HoRE, & ST AL 2 E

PR (A WF 5 (7). B IR AL, 2024, 46(12): 2355-
2366.
ZHAO Xiaoyu, SUN Chungiang, CUI Rongguo, et al.
China's cultivated land threshold from the perspective
of food security[J]. Resources Science, 2024, 46(12):
2355-2366.

(2] skid, AEH, s, % P EPHE IR R S AR

I 25 53 S S FLTf BN [T, TR IXBESE, 2025, 42(2):
372-383.
ZHANG Lei, ZHOU Yuming, DONG Jiemou, et al.
Spatiotemporal differentiation of nonagricultural and
nongrainfarmland in China and its management strate-
gies[J]. Arid Zone Research, 2025, 42(2): 372-383.

(3] skaE#, X, Bkl A58 R AT o [ Bk AR R

7 B 536 BER IR [T]. & BUR LB, 2024, 52
(24): 10-16+22.
ZHANG Yuchao, LIU Jian, YAO Zhi. Review of the
Motivation and Management of "Non-grain" Cultivated
Land in China from the Perspective of Agricultural
PowellJ]. Journal of Anhui Agricultural Sciences,
2024, 52(24): 10-16+22.

(4] WhbEe, KGR, R, & CRAIJFT M BRI 5k
IR AR b B s S pe R A 4R BT ] b IR 4 R 2R
2011, 16(9): 1689-1695.
SHEN Zhanfeng, LUO Jiancheng, WU Wei, et al. Ag-
ricultural and forestry land boundary precise segmenta-
tion from remotesensing images by parallel mean shift
algorithm[J]. Journals of Image and Graphics, 2011, 16
(9): 1689-1695.

[5] TURKER M, KOK E H. Field-based sub-boundary



10 BUBUR S5 4R (T 520
extraction from remote sensing imagery using LIU Wei. Automatic Classification, Auto-identity class-
perceptual grouping[J]. Isprs Journal of fication technology for lucc information based on re-
Photogrammetry &. Remote Sensing, 2013, 79(5): mote sensing data[D]. Yangling: Northwest A&.F Uni-
106-21. versity, 2012.

[6] XI J, ZHANG J Z. Edge Detection from Remote [13] LIU S, LIU L, XU F, et al. A deep learning method
Sensing Images Based on Canny Operator and Hough for individual arable field (IAF) extraction with cross-
Transform[C]//Advances in Computer Science and domain adversarial capability[J]. Computers and
Engineering. Berlin, Heidelberg: Springer Berlin Electronics in Agriculture, 2022, 203: 107473.
Heidelberg, 2012: 807-814. (14] TR . H T IR Z AT 55 5 2 09 4 90 0 08 JBOY (5Bk

[7] WX, WO, A . AT S Unet++ (9 B2 3 A BARUD]. Trrg Il AR K ¥, 2024
DX B b b e R B 43 B0 4R BU[T). A KGR (R B R XIANG Junwu. Extraction of cropland information
2022, 43(4): 36-45. from high-resolutionremote sensing imagery based on
ZHANG Haitian, GAO Maofang, REN Chao. Deep deep multi-task learning[D]. Jinan: Shandong Jianzhu
Segmentation and Extraction of Cultivated Land in University, 2024.

Hilly Areas Based on Improved Unet[J]. Spacecraft Re- [15] Fadd, ZEmA ) BEEB VK, 25 . G2 Wk g 3] 1 G I B
covery & Remote Sensing, 2022, 43(4): 36-45. TR Y w25 (0] W 4 2 Ak, 2022, 51(05):

(8]  HhiEsR, LRI, B, 9. BT Psi-Net R 691-702.

50 24 1) g 225 T 40 3 2R 3 JR B A% b e S8 114 B i 42 BAI Kun, MU Xiaodong, CHEN Xuebing, et al. Un-
[J1. #ndegel Bl2#, 2024, 63(11): 197-202. supervised remote sensing image scene classification
MA Hairong, SHEN Xiangcheng, LUO Zhiqing, et al. based on semi-supervised learning[J]. Acta Geodaetica
High spatial resolution remote sensing image plot scale et Cartographica Sinica, 2022, 51(5): 691-702.
farmland extraction based on Psi-Net deep learning net- [16] Zemetly, xIR0E, ®MG &, % 35 T 0 o 1) i sk K]
work [J]. Hubei Agricultural Sciences, 2024, 63(11): R 5 R E kUL AN T RSN,
197-202. 2022, 58(20): 188-196.

(9] MG . LT IR 23 R AR R G A A T H e 2 B T 2 LUAN Xiaomei, LIU Enhai, WU Pengfei, et al.
5% [D] B at Al R, 2024. Weakly-Supervised Semantic Segmentation Method of
SUN Tao. Research on farmland plot segmentation Remote Sensinglmages Based on Edge Enhancement
method based on remote sensing spatio-temporal fea- [J]. Computer Engineering and Applications, 2022, 58
ture fusion[D]. Nanjing: Huazhong Agricultural Univer- (20): 188-196.
sity, 2024. (17] FEAAL, Fd . FE TR EE A ) 1Y 38 G R 26 5 B3R

[10] Gk, MG, 5K55, 45 . T GF-1R2 R0 Bl i it bk A AR BUR BT 52 (7). B £ BRI, 2022, 19(04):
e X Kk R BRI (7). JE BG4 R 5 1R, 2019, 34 74-80.

(4): 785-792. WANG Benli, WANG Ye. Research on the Status
ZHANG Haidong, TIAN Ting, ZHANG Qing, et al. Quo of Remote Sensing Image Land Typelnformation
Study on Extraction of Paddy Rice Planting Area in Acquisition Technology Based on Depth ILearning[J].
Low Fragmented Regions based on GF-1 WEFV Images Land and Resources Herald, 2022, 19(4): 74-80.

[J]. Remote Sensing Technology and Application, (18] A, ks, B& . RO E B 4ok & 4 0
2019, 34(4): 785-792. FEHERE(T]. 38 AR, 2024, 28(01): 20-41.

[11] AR5, WA, WA . 3L T8 B 5 B 2 F1 43 K 16 YANG Xing, FANG Leyuan, YUE Jun. Advances in
43 E) 0 BE b b e U0 O ik (0] M ERE BB F R semi-supervised classification of hyperspectral remote
2022, 24(12): 2389-2403. sensing images[J]. National Remote Sensing Bulletin,
ZHU Yu, PAN Yaozhong, ZHANG Dujuan. An Agri- 2024, 28(1): 20-41.
culture Parcel ldentification Method based on Convolu- (19] T —MG , BX i . 3 R IR 4% rh i 55 M B 8 A 3l
tionaNeural Network and Watershed Segmentation[J]. ML BN TR S, 2022, 58(22): 195-202.
Journal of Geo-Information Science, 2022, 24(12): DING Yipeng, ZHAO Lu. Weakly-Supervised Domain
2389-2403. Adaptive Algorithm for Remote Sensinglmage Seman-

(12] VK . 4 H R /2 Bl A8 fb A5 B8 R B 8l 4 28R tic Segmentation[J]. Computer Engineering and Appli-
B 5§ O I W5 (D], 4 8 7E b R MR BL 57 R4 cations, 2022, 58(22): 195-202.

2012. [20] Sastry S, Khanal S, Dhakal A, et al. Geosynth:



VERAE , 45 9 BIORE RO 3 () 221 45 B A5 S AR BTy i 11

[21]

[23]

[24]

[25]

Contextually-aware high-resolution satellite image
synthesis[C]//Proceedings  of  the IEEE/CVF
Conference on Computer Vision and Pattern
Recognition . Seattle, WA, USA: IEEE, 2024:
460-470.

PODELL D, ENGLISH Z, LACEY K, et al. SDXL:
Improving Latent Diffusion Models for High-

Resolution Image Synthesis[J/OL].
arXiv: 2307.01952, 2023 [2025-07-18]. arxiv.org/abs/
2307.01952.

FEMEAE, XEI, kT, % RS-SegDil: & F ¥ Bl A
B 28 SR o R AR S R T i [T s i, 2025
(1): 1-7.

GONG Jianya, LIU Qingyu, ZHANG Mi, et al. RS-
SegDif: A Diffusion Model-Based Method for Remote

SensingSemantic Segmentation Sample Synthesis[J].

arXiv preprint

Urban Geotechnical Investigation &. Surveying, 2025,
(1): 1-7.

I, HHAR, AEIR, AR T O B A 22 R 1A
BAR AR Ty 2 7] TR AL LR 58, 2025, 46(2):
337-344.

LI Kewen, JIANG Hengjie, LI Guoqing, et al. Diffu-
sion model based change detection method for remote
sensingimages[J]. Computer Engineering and Design,
2025, 46(2): 337-344.

ZeoE s, HRA, BRANS, & JLT AR 22 R AL 1y 18
TR 43 B A TR AR T 5 (D). 3T R U S R 24 2 4R (H
SRBFER), 2025, 53(3):58-65+4178.

ZUO Xianyu, TIAN Zhanshuo, YIN Menghan, et al.
Remote sensing super-resolution image generation
based on residual diffusion model[J]. Journal of Henan
Normal University (Natural Science Edition), 2025, 53
(3):58-65-+178.
KHANNA S,

Diffusionsat:

LIU P, and ZHOU L, et al

A generative foundation model for

satellite  imagery[J/OL].  arXiv  preprint  arXiv:

(28]

[29]

[30]

2312.03606,
2312.03606.
D'ANDRIMONT R, CLAVERIE M, and
KEMPENEERS P, et al. Al4Boundaries: an open Al-

ready dataset to map field boundaries with Sentinel-2

2023 [2025-07-18]. arxiv. org/abs/

and aerial photography[J]. Earth System Science Data,
2023, 15(1): 317-329.
Yuan Y, Chen X,

representations  for

Wang J.

semantic

Object-contextual
segmentation[C]//
Computer Vision - ECCV 2020:
Conference, Glasgow, UK, August 23 - 28, 2020,
Proceedings, Part VI 16.
Publishing, 2020: 173-190.

Yu C, Gao C, Wang J, et al. Bisenet v2: Bilateral

network with guided aggregation for real-time semantic

16th European

Springer International

segmentation[J].
vision, 2021, 129(11): 3051-3068.

Fu J, LiuJ, Tian H, et al. Dual attention network for

International journal of computer

scene segmentation[C]//Proceedings of the IEEE/
CVF conference on computer vision
recognition. Piscataway, NJ: IEEE, 2019: 3146-3154.
Fischer P, T. U-net:

and pattern
Ronneberger O, Brox

Convolutional  networks  for  biomedical image

segmentation[CJ//International Conference on Medical

image computing and computer-assisted intervention.

Cham: Springer international publishing, 2015:
234-241.
GUO M-H, LU C-Z, HOU Q, et al. Segnext:

Rethinking convolutional attention design for semantic

segmentation[J]. Advances in neural information
processing systems, 2022, 35: 1140-1156.

Chen L C, Zhu Y, Papandreou G, et al. Encoder-
decoder with atrous separable convolution for semantic
image segmentation[C]//Proceedings of the European
conference on computer vision (ECCV). Munich,

Germany: Springer, 2018: 801-818.



