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Abstract ; Semantic segmentation of apple leaf disease is an important task for disease monitoring in smart
agriculture. Aiming at the challenges of large scale changes, blurred boundaries, and complex
background interference of disease segmentation spots in natural scenes, a semantic segmentation model
for apple leaf disease with hierarchical feature and semantic fusion decoding was proposed. Firstly,
hierarchical feature network ( HFN) was proposed to achieve modelling from edge contour to global
semantics through five-stage feature extraction and residual structure. Secondly, in order to enhance the
adaptability to spot scale variations and edge structure, the edge sampling atrous spatial pyramid (ES —
ASPP) module was designed to capture multi-scale semantic information and refine the edge structure.
Finally, since an efficient decoder was required in the semantic segmentation task to restore spatial
information, semantic fusion decoder ( SFD) was proposed to synergistically express the shallow details
and deep semantics to enhance the boundary restoration and small lesion detection. The experimental
results showed that the mloU of the proposed method on the apple leaf disease dataset was improved by
5.7 percentage points compared with that of the baseline model, and the number of parameters was
decreased by 6.2% ; and the mloU was improved by 4.3 percentage points in the generalisation
experiment on the PlantSeg dataset, which can provide a good segmentation performance, and it was
suitable for the task of segmentation of agricultural diseases in natural scenes.
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Tab.1 Performance result of different models

on self-built apple leaf disease dataset

_— TREIE HERR/ -
L/ % %
DeepLabV3Plus(ResNet —50) 85.43 97.00 2.679 x107
PSPNet ( ResNet101) 20 80. 19 95.43  6.700 x 107
SegNext — TI2!! 87.53 97.65  4.300 x 10°
SeaFormer — B[22 86. 02 97.19  8.600 x 10°
AISOA — SSformer! ] 81.59 95.85  1.471 x107
SCTNet — B[?*] 88. 65 97.98  1.740 x 107
RSB 91.13 99.60  2.512 x107

SegNext-T SCTNet-B DeepLabV3Plus 7R SR

Blo  AESER M ik s g T AR

Fig.6  Visualization effects of self-built apple leaf disease dataset
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2.4.1 AREYIH RS

B Al & 7620 5 S e 51 AR HEN
T45 (ES — ASPP #H Je SFD i 85 5 % i1 343 1
PEREMIR TR . A IPAG HEN (RIS HUAE 7, ¥
DeepLabV3Plus H' ResNet — 50 B4 45 B B i Ho 5 4

A BAR U N HEN X B2, S5 Ra05E 2 fF
R, BTBET =BT S AU, mloU $2 71 2.8
B4 5,15 % T CNN 5 Transformer )l & 1% 1T,
HFN AR 0 2 SR UL S SO 254 518 R ., 58
Ry 5 42 Ry R A8 AT 8O ) i THASE 08 BT
SAEA AN s BRE Y 3V E

*&2 HFN BFTRED
Tab.2 HFN backbone network analysis

fic & = Fr Bt 2 BB 3 B4 WrBes  CPRRIRE % HERI R/ %
FLLEFEART ( DeepLabV3Plus/ResNet —50) X x x x x 85.43 97.00
BB 1 vV X X X x 85.63 97.10
BB 1 -2 v vV x x x 85.93 97.15
BRBBL 1 -3 vV v Y x x 86. 93 97.42
BB 1 -4 v vV VvV Vv x 87.33 97.63
5¢4% HFN v Vv 2 vV v 88.23 97. 85
T VIR B, x RN, TR,
P hG ASPP H 2SR A5 B 4 MCM AR %3 ES- ASPP #4347
FEB R u AL B W ESAM Bk L aERINE 3 T Tab.3 ES — ASPP module analysis
7, mloU 73 5§  0.69 1.6 A~ H 70 i, $ il T - wen peay  THE e
MCM i3 7 4125 3 B AR AR g I 2 R i L3Rk, Pt/ % H/%
B AR TR S 96 BRE R /INAS Ak, B4 35 7 BE J7 ; ESAM 32 T FELL R ( DeepLabV3Plus) X X 85.43  97.00
TAGEORIK I X T ) AR E R gy e MO Viooox ez onn
FEL BT + MCM + ESAM 2 V.o 8772 97.71

TR R R A
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Tab.4 SFD decoder analysis

i UPC AG MSC MSEM ERZEI L % HERH/ %
FELEARY ( DeepLabV3 Plus ) x x x x 85.43 97.00
FELAIA + UPC 2 x x x 86. 08 97.21
FELB + UPC + AG 2 v x x 86.97 97. 48
FEL R + UPC + AG + MSC 2 v 2 x 87.05 97.50
FELAAD + UPC + AG + MSC + MSEM vV Vv vV Vv 87.65 97.68
2.4.2 BRI AT ARz ALRE IR — L5k, Ik, I
RIS UE A AT G X AR AR BRI SR 1 ASTFAER F 5 FIEE 4 PlantSeg #F 47114, LIS
iJrL%/F%T?ﬁHEI@éE:.ﬁt—@ﬁ,ﬁﬁ“ﬂ%ﬂ@ ETESI A UEBCTAE R [RAR ) FP 2 TT A0 3E v S S e e,
HFN ES — ASPP SFD JG BB AL IE ML, 2R 6 Fiw, ik %AE PlantSeg I mloU 3% 77.99% ,

25 iR, AR LTI A, mloU $£% 91.13% ,,
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Tab.5 Ablation results of different modules

HFN  ES-ASPP  SFD  “FHZIft/%  WERIE/ %
Vv X X 88.23 97. 85
x Vv X 87.72 97.71
X X vV 87.65 97. 68
2 vV x 89. 63 98.53
Vv x vV 89.23 98.20
x Vv vV 88.96 98. 39
VvV vV Vv 91.13 99. 60

2.5 ZHikg
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Tab.6 Testing results of different models on

PlantSeg dataset

_— FHZEI R/ .
e/ % %
DeepLabV3Plus( ResNet —50)  73. 69 84.25  2.679 x 107
PSPNet ( ResNet101) 70. 45 82.68  6.700 x 107
SegNext — T 76. 06 85.94  4.300 x 10°
SeaFormer — B 75.23 85.11  8.600 x 10°
SCTNet — B 76. 82 86.22  1.740 x 107
A 77.99 88.21  2.512x107
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Fig.7 PlantSeg dataset visualization



22

BRIVAR A5 JRUCRFIE S T SCRE A% B39 S oo 318 o0

377

JEEE R A0 BE X &2 K% 3 R BR
SCTNet — B FIA SCAR R A | LA A58 70 B4 A T 15 1
FHREBE, HAFTE S SR SR B ), bk 2 ik —
HBGAIE T AR SCRRY A5 35501 S ek

3 it

)0 T IR YA 55 5 S A 77 1 35 SR
Fo BT SUAMHEIRERD | DR B0 MR RER I R

(2) BERIBE T HEN B T M 4% 454 CNN 5
Transformer 2514 | 1% |2 $E BURBEARFE , A S $E60
B K 42 Ry 18 UM B ES — ASPP B il & 23 1l 4
US55 FHLH], Eom R IRA 5 45 2k 68 77 ;
SFD A2 S R0l A AN ) )2 G SCRRAE , S0 R
NG 5 HERR R BE 435

(3) I i AE B 2805 4 Fl PlantSeg /A 4%
PEAE - mloU 23515355 91. 13% 5 77.99% , K:31E T

FEpE

(1]
(2]
(3]
(4]
(5]
(6]
[7]
(8]
(9]
[10]

[11]

[12]

[13]

[14]
[15]
[16]
[17]
[18]
(19
[20]
[21]
[22]
[23]

(24]

il BRI PR

BRERILE I o T 55 TP A R
£ % x W

Zhao Y, Li X, Wang J, et al. Metabolic and cardiovascular benefits of apple and apple-derived products: a systematic review
and meta-analysis[ J ]. Front. Nutr. , 2022, 9. 766155.
Jia J, Zhang Y, Wang H, et al. RAAWC — UNet: an apple leaf and disease segmentation method based on residual attention
and atrous spatial pyramid pooling improved U — Net with weight compression loss[ J]. Front. Plant Sci. , 2024, 15; 1305358.
Storey G, Meng Q, Li B. Leaf disease segmentation and detection in apple orchards for precise smart spraying in sustainable
agriculture[ J|. Sustainability, 2022, 14(3) . 1458.
He K, Zhang X, Ren S, et al. Deep residual learning for image recognition[ C] // Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition (CVPR) , 2016 770 —778.
Howard A G,Sandler M, Chu G et al. Searching for MobileNetV3[ C] // Proceedings of the IEEE/CVF International Conference
on Computer Vision(ICCV) , 2019.1314 - 1324.
He K, Gkioxari G,Dollar P, et al. Mask R — CNN[ C] // Proceedings of the IEEE International Conference on Computer Vision
(ICCV), 2017:2961 —2969.
Agarwal M, Gupta S K, Biswas K K. Plant leaf disease segmentation using compressed UNet architecture[ C] // Trends and
Applications in Knowledge Discovery and Data Mining, 2021: 9 - 14.
Ronneberger O, Fischer P, Brox T. U — Net: convolutional networks for biomedical image segmentation[ C] // Medical Image
Computing and Computer-Assisted Intervention( MICCAT) ,2015; 234 —241.
Li L, Wang B, Li Y, et al. Diagnosis and mobile application of apple leaf disease degree based on a small-sample dataset[ J].
Plants, 2023, 12(4) .786.
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) , 2018 .801 —818.
B SCET XTGBT U AR 2 U T T K 1 /N R U ik [ D] AL BLR A4, 2024,
55(11) .21 -31.
Bao Wenxia,Zhao Shiyi, Huang Linsheng, et al. Lightweight dense multi-scale attention network for identification of rust on
wheat leaves[ J ]. Transactions of the Chinese Society for Agricultural Machinery,2024,55(11) :21 —31. (in Chinese)
Zeng T W, Li C M, Zhang B, et al. Rubber leaf disease recognition based on improved deep convolutional neural networks
with a cross-scale attention mechanism[ J]. Frontiers in Plant Science, 2022, 13 829479.
AR, SRR DRI, 2. S TR LR AR — 2 s il SORRITEL) ] AU, 2025,56(3) :129 - 139,157.
Zou Yibo,Zhou Zezheng,Chen Ming, et al. 3D plant point cloud semantic segmentation method APSegNet based on attention
mechanism[ J ]. Transactions of the Chinese Society for Agricultural Machinery,2025,56(3) ;129 —=139,157. (in Chinese)
Ding Y, Yang W, Zhang J. An improved DeeplabV3 + based approach for disease spot segmentation on apple leaves[ J].
Computers and Electronics in Agriculture, 2025, 231, 110041.
Vaswani A, Shazeer N, Parmar N, et al. Attention is all you need[ C] // Advances in Neural Information Processing Systems
(NeurIPS) , 2017, 5998 —6008.
Hu J,Shen L,Sun G. Squeeze-and-excitation networks[ C] // IEEE Conference on Computer Vision and Pattern Recognition
(CVPR), 2018.7132 -7141.
Larsson G,Maire M,Shakhanrovich G. FractalNet; ultra-deep neural networks without residuals[ C ] // Proceedings of the 5th
International Conference on Learning Representations, 2017.
Zhang X, Zhou X, Lin M, et al. ShuffleNet: an extremely efficient convolutional neural network for mobile devices[ C] //
Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (CVPR) , 2018 . 6848 - 6856.
Wei T,Chen Z,Yu X, et al. PlantSeg:a large-scale in-the-wild dataset for plant disease segmentation[ PP/OL]. V1. arXiv (2024 —
09 —06) [2025 —02 —06 ]. https: // doi. org/abs/2409. 04038.
Zhao H, Shi J, Qi X, et al. Pyramid scene parsing network[ C] //Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition (CVPR), 2017 2881 —2890.
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 ( NeurIPS) ,2022,35.1140 - 1156.
Wan , Huang Z, LU J, et al. SeaFormer; squeeze-enhanced axial transformer for mobile semantic segmentation[ C] //
Proceedings of the International Conference on Learning Representations (ICLR) , 2023.
Dai W, Zhou W, Guo Z, et al. AISOA — SSformer: an effective image segmentation method for rice leaf disease based on the
transformer architecture[ J|. Plant Phenomics, 2024, 6.
Xu Z,Wu D, Yu C,et al. SCTNet ; single-branch CNN with transformer semantic information for real-time segmentation[ C] //
Proceedings of the Thirty-Eighth AAAT Conference on Artificial Intelligence( AAAT) , 2024 ; 6378 —6386.



