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Self-supervised Few-shot Semantic Segmentation Model for Maize Plant Images

DENG Hanbing LIU Xin LI Chaoyang MIAO Teng
(College of Information and Electrical Engineering, Shenyang Agricultural University, Shenyang 110866, China)

Abstract: Image semantic segmentation technology is one of the key methods for obtaining phenotypic
information of maize plants. Traditional fully supervised semantic segmentation methods typically rely on a
large number of pixel-level labels. However, maize exhibits significant morphological variability across
different growth stages, leading to high costs associated with image annotation and limiting the practical
application of such models in real-world production scenarios. To eliminate the need for manual
annotation during model training, a self-supervised few-shot semantic segmentation network for maize
plant images ( MSDANet ) was proposed based on self-supervised learning, aiming to improve the
semantic segmentation accuracy and model generalization capability of maize plant images across different
growth stages. MSDANet utilized a superpixel-based self-supervised learning method to generate pseudo
labels, enabling the construction of preliminary supervision signals for the support set images without
manual annotation. It designed a mixed masking mechanism ( MM ) that applied pseudo label-based
semantic masking to construct diverse masked samples in the feature space, promoting the model to learn
more robust feature representations and thereby improving segmentation accuracy in complex
backgrounds. To address the complex morphological issues of corn plants in images, such as bending,
overlapping, and occlusion, a multi-scale deformable large kernel attention mechanism (MS —DLKA) for

the model was designed. By integrating multi-scale receptive fields and deformable convolutions, it can
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flexibly perceive important structural information of corn plants at different scales, effectively improving

semantic segmentation accuracy. When validated on a small sample dataset, MSDANet achieved mloU

and FB — IoU of 75.63% and 87.12% ,

respectively, in the 1 — shot setting; in the 5 — shot setting,

mloU and FB —IoU reached 76. 04% and 87.21% , respectively, both outperforming other models of the

same type proposed in this study. Additionally, compared with current mainstream fully supervised few-

shot semantic segmentation models, mloU was improved by 2.9 and 2. 93 percentage points under 1 —

shot and 5 — shot settings, respectively. The results demonstrated that the MSDANet model can achieve

high-precision semantic segmentation of corn plant images without human labels and with few samples,

providing technical support for corn image analysis and plant phenotyping at different growth stages.

Key words: maize images; plant phenotype; image processing; deep learning; semantic segmentation;

self-supervised learning
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Fig.6 Multi-scale deformable large kernel attention
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Tab.2 Average accuracy of MSDANet model under

different backbone networks %
L 1 — shot 5 — shot
FT M
mloU FB — IoU mloU FB — loU
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Fig.7 Prediction results of model using three

different backbone networks
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Fig.8 Loss curves under three different backbone networks
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Tab.3 Comparison of average accuracy between MSDANet

and supervised and self-supervised models %
1 — shot 5 — shot
WZR7A LR
mloU FB—1IoU mloU FB-IoU

VAT 66.86 83.09 67.06 83.20

A WiB HSNet 71.00 84.97 71.48 85.22
DCAMA 72.73 87.18 73.11 87.42

HSNet 62.85 80.52 64.04 81.09

[ W57 FewshotNet 65.43 80.96 64.54 81.01
MSDANet( A H7#:)  75.63  87.12  76.04  87.21
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&9

Fig.9 Comparative analysis of segmentation results obtained by different models
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%4 MM 5 MS - DLKA 3558
Tab.4 Ablation experiments of MM and MS — DLKA

%
A 1 - shot 5 — shot
MM MS - DLKA mloU FB — IoU mloU FB — IoU
x x 65. 43 80.96  64.54  81.01
v x 69.71 83. 69 70. 08 83.95
x vV 71.15 84. 95 71.53 85.58
vV vV 75. 63 87. 12 76. 04 87.21

TV R M AR B x T RN R A

(1) A B LA [ AR A i 30 19 K S BF 58 %k
G B TR T 1 A T B R AR AR 1A B
FEASTE 73 R MSDANet,,

() AWEFE R I T A E I A B2~ il
o B 23 ] 5% 4 | Felzenswalb 533k 73 5 | 25 B i ik
SEITIE , F AR R E AR TR BRI, T O S
A AT ET S BIE N AR A I Zhid 72

(3) 48 5T [ W 5 T /R AR T Sy A
B BRI i A 22 JRE AT AR R A B
MU o I SR M G T i IO A R AR, S B

H A5 58 Ak 55 35 S5 00, i A5E 78 o AR AT 2 BB B B o
) b R 5 SR MR A S X8 [ R 22 R
FRAE AN AT ASTE 46 B ol 45 4 IR A2 Y, R0 2 R oK
FEAS TR RUBE T (1 B 22 45 A6 R AIE , 1 9 ASE 7R (1 43 H K
JERZ AL BE J7. BEAFE 1 — shot % E T mloU #0I
FB — loU 43 3|3k % 75. 63% .87.12% ; 1£ 5 — shot #
T ,mloU Il FB — ToU 4331355 76. 04% 87.21%

(4) AW 5T 4 0 /R A T8 S A3 HRBE U AF 7 da
PEAS R BUS T R S S, 7E E M T AR bt R T
o e 1 25 4 S A Ve Rl B M. HEAE 1 — shot I
5 —shot LT X LA ER MBS AW ik,
FHEY BT e L B MBI AS T S FIR T 7E 1 —
shot N iy mloU 427} 10. 20 4N 71 43 5, M4 F 24 8 &=
A W B NREAS o SUBETY  AE 1 — shot T [y mloU $2
Tt 2,90 AN E 43 05, B UE T A Ty 35 7 1 R KA BR /N
FEAS T S o380 1) A e Tk

(5) X AN [R) AR K st 30 118 K R R BB 1 /N B
AT 43 EIME 55, MSDANet #5581 0] LLAE JE N ToAR 2
(45 T S0 B RS B i o, A T RE AT
B e BLAS , S AR TR AE K B 1 0 K B 5 B 5 1)
FEAUM AR AL T i P B AR LR

[5]

[7]

(8]

& % x

Fe—Ar, ®R5E, RRrim. BRI E > H 7 0TS0 R 20 4F (1994—2014) [J]. $dli R4 54028, 2015, 30(1): 1 -23.
WU Yiquan, MENG Tianliang, WU Shihua. Research progress of image threshold segmentation methods in the past 20 years
(1994—2014)[J]. Journal of Data Acquisition and Processing, 2015, 30(1): 1 —=23. (in Chinese)

EAL, HBEY, BRI, S BT Lab Bl s M AL BB BB [ )] WiVLOT B AE B =4, 2018, 31(3): 67 -73.
WANG Li, FANG Luming, CHEN Xun, et al. Flower image segmentation algorithm based on Lab color space[ J]. Journal of
Zhejiang Wanli University, 2018, 31(3); 67 =73. (in Chinese)

A, BRI, WA, SF. JETAEREAL AIER S #0 BRI [ T]. B3R, 2015, 41(4): 711 -724.
QIAN Sheng, CHEN Zonghai, LIN Mingqgiang, et al.
segmentation| J]. Acta Automatica Sinica, 2015, 41(4): 711 =724. (in Chinese)

FaBb I R, R R, 5. T 41t H 7 [ k-means MK T J2 BG4 RI[T].
1425 - 1435.

CHEN Keyin, WU Chongyou, GUAN Zhuohuai, et al. Rice canopy image segmentation based on statistical histogram and k-
means clustering[ J]. Jiangsu Journal of Agricultural Sciences, 2021, 37(6) : 1425 - 1435. (in Chinese)

TKE B, B — T R T — Bk 2 W T B R R B B B [T ] RO HLAR A 4R, 2024, 55(12) ¢
314 - 321.

DING Yongjun, YANG Wentao, ZHAO Yilong. Research on apple leaf spot segmentation model based on consistency semi-
Transactions of the Chinese Society for Agricultural Machinery, 2024, 55(12). 314 - 321. (in

Saliency detection based on conditional random fields and image

TR 244k, 2021, 37(6) .

supervised learning[ J].
Chinese)
FHEAE, VLMY B AF . BT M B A AR RS LT ] AR AL A4, 2023, 54(10) ¢ 255 - 265.
WANG Haiyan, JJANG Yehao, LI Xuan, et al. Instance segmentation of pig images based on a weakly supervised dataset[ J].
Transactions of the Chinese Society for Agricultural Machinery, 2023, 54(10) ; 255 —265. (in Chinese)

RE RRZE VK, TR, 4. IREF MR A RCB M 10 A S e e AU BT Y [T AR AL 24T, 2025, 56(6)
499 -508,574.

GAO Wang, DENG Hanbing, XING Zhihong, et al. Research on monocular RGB-to-depth modality conversion model for
greenhouse tomato scenes[ J|. Transactions of the Chinese Society for Agricultural Machinery, 2025, 56 (6) : 499 - 508 ,574.
(in Chinese)

A EE g AL FEIK, R = i, % BT A AR AR B K B EMR Se e I (T ] R TAR AR, 2023, 39 (11) = 201 -211.
ZHAO Lulu, DENG Hanbing, ZHOU Yuncheng, et al. Instance segmentation of maize seedling images based on self-generated



82

PSS A1 M | = O 14 2026 4

[9]

[10]

[11]

[20]

[21]

[22]

[23]

labels[ J]. Transactions of the CSAE, 2023, 39(11): 201 —=211. (in Chinese)
VREIR M B LT 2 00 o 20 A A0 110 2 i B o SCar #0107 [T]. 3H8EpLRkAE, 2023, 50 (12): 279 -284.
XU Huajie, XIAO Yifeng. Semi-supervised semantic segmentation method based on multi-teacher network model[ J]. Computer
Science, 2023, 50(12): 279 —284. (in Chinese)
LIN X, LI C T, ADAMS S, et al. Self-supervised leaf segmentation under complex lighting conditions [ J]. Pattern
Recognition, 2023, 135: 109021.
Folg B X E L MEARREE T B R E Ca#ER [T]. AL LR S ,2023,59(2) 1 - 11.
WEI Ting, LI Xinlei, LIU Hui. Survey on image semantic segmentation in dilemma of few-shot[ J]. Computer Engineering and
Applications,2023,59(2) :1 = 11. (in Chinese)
LU Z, HU S, ZHU X, et al. Simpler is better; few-shot semantic segmentation with classifier weight transformer[ C] //
Proceedings of the IEEE/CVF International Conference on Computer Vision, 2021 8741 —8750.
AMAC M S, SENCAN A, BARAN B, et al. MaskSplit: self-supervised meta-learning for few-shot semantic segmentation[ C] //
Proceedings of the IEEE/CVF Winter Conference on Applications of Computer Vision,2022. 1067 — 1077.
KARIMIJAFARBIGLOO S, AZAD R, MERHOF D. Self-supervised few-shot learning for semantic segmentation: an
annotation-free approach [ C] // International Workshop on Predictive Intelligence in Medicine. Cham; Springer Nature
Switzerland, 2023 159 - 171.
ZHOU T, WANG W, KONUKOGLU E, et al. Rethinking semantic segmentation: a prototype view[ C] // Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition, 2022; 2582 —2593.
WANG W, ZHOU T, YU F, et al. Exploring cross-image pixel contrast for semantic segmentation[ C] // Proceedings of the
IEEE/CVF International Conference on ComputerVision, 2021 7303 -7313.
WANG K, LIEW J H, ZOU Y, et al. Panet: few-shot image semantic segmentation with prototype alignment [ C ] //
Proceedings of the IEEE/CVF International Conference on Computer Vision, 2019 9197 —9206.
ZHANG C, LIN G, LIU F, et al. Pyramid graph networks with connection attentions for region-based one-shot semantic
segmentation[ C] // Proceedings of the IEEE/CVF International Conference on Computer Vision, 2019 ; 9587 —9595.
BOUDIAF M, KERVADEC H, MASUD Z I, et al. Few-shot segmentation without meta-learning: a good transductive inference
is all you need? [ C] //Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, 2021 13979 —
13988.
VAN GANSBEKE W, VANDENHENDE S, GEORGOULIS S, et al. Unsupervised semantic segmentation by contrasting object
mask proposals[ C] // Proceedings of the IEEE/CVF International Conference on Computer Vision, 2021: 10052 - 10062.
OUYANG C, BIFFI C, CHEN C, et al. Self-supervised learning for few-shot medical image segmentation [ J]. IEEE
Transactions on Medical Imaging, 2022, 41(7) . 1837 - 1848.
ESEML, k. MLDAC: LS5 BRI B B /MEASFE B [T]. L LR S5 M, 2025, 61(4): 211 -
221.
WANG Weihang, ZHANG Yi. MLDAC: multi-task dense attention computation self-supervised few-shot segmentation method
[J]. Computer Engineering and Applications, 2025, 61(4): 211 —221. (in Chinese)
EH e, BT XM E A E R AT S BT]. B bER SR, 2008(7) : 44 -45,35.
WANG Sen, YANG Kejian. Research and implementation of image scaling algorithm based on bilinear interpolation [ J].
Automation Technology and Application, 2008(7) ; 44 —45,35. (in Chinese)
FELZENSZWALB P F, HUTTENLOCHER D P. Efficient graph-based image segmentation [ J]. International Journal of
Computer Vision, 2004, 59. 167 - 181.
RADHAKRISHNA A,APPU S,KEVIN S, et al. SLIC superpixels compared to state-of-the-art superpixel methods[ J]. IEEE
Transactions on Pattern Analysis and Machine Intelligence, 2012, 34(11) . 2274 -2282.
DAI J, QI H, XIONG Y, et al. Deformable convolutional networks[ C] // Proceedings of the IEEE International Conference on
Computer Vision, 2017, 764 - 773.
SHI X, WEI D, ZHANG Y, et al. Dense cross-query-and-support attention weighted mask aggregation for few-shot
segmentation[ C] // European Conference on Computer Vision. Cham: Springer Nature Switzerland, 2022; 151 - 168.
MIN J, KANG D, CHO M. Hypercorrelation squeeze for few-shot segmentation [ C ] // Proceedings of the IEEE/CVF
International Conference on Computer Vision, 2021 . 6941 — 6952.
HONG S, CHO S, NAM J, et al. Cost aggregation is all you need for few-shot segmentation[ J]. arXiv Preprint,arXiv:2112.
11685, 2021.



