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Lightweight Diagnostic Method for Apple Leaf Diseases Oriented to
Edge Deployment

CAI Xin NIE Huishan DU Tiantian NAN Xinyuan
(School of Intelligent Science and Technology, Xinjiang University, Urumqi 830017, China)

Abstract; Aiming to address the critical bottleneck whereby high-performance convolutional neural
networks for apple leaf disease diagnosis are difficult to deploy efficiently on resource-constrained edge
devices due to high computational complexity, a novel lesion-aware progressive compression framework
(L —EAFP) was proposed. The methodology began by adapting a robust high-performance cross-domain
model, EAFP — Med ST, to function as a teacher network. To facilitate high-fidelity knowledge migration
to an ultra-lightweight ShuffleNetV2 student model, the framework introduced a lesion-weighted pruning
algorithm that prioritized the preservation of pathological feature channels while rigorously eliminating
redundancy. Concurrently, a multi-objective lesion feature anchoring distillation technique was applied to
strictly align the student model’s attentional focus on disease regions. Finally, an adaptive quantization
mechanism was incorporated to further compress the model bit-width. Experimental validations performed
on a comprehensive dataset of 9 263 apple leaf images demonstrated the framework’s effectiveness. The
results revealed that L — EAFP reduced the model parameter count from 3. 157 x 10" to 3. 500 x 10’
achieving a remarkable compression rate of 98.9% . Crucially, despite this drastic reduction, the
compressed model retained a diagnostic accuracy of 98. 58% . These findings indicated that the proposed
lesion-aware strategy successfully achieved an optimal balance between model lightweighting and
diagnostic performance fidelity, providing a highly effective technical solution for the deployment of
advanced agricultural Al models on mobile and embedded edge terminals.
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Fig.1 Architecture of EAFP — Med module adapted

for apple leaf disease tasks
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#2 L-EAFPIERBMIWER
Tab.2 Ablation study on components of L — EAFP framework

P _— P — Pt % R LT B 9 AL X 38k
WEH R/ % WA R/ % WK%/ % WEH R/ %
PO T o4 PR 2 1 A A 3.5 x10° 97. 62 97.59 96. 85 98.21 4.8 9.5
Pl + 9 KL A B A 3.5 x10° 97.91 97. 88 97.52 98. 35 3.2 95.8
P2 + 9 KRR IE 4 5 26 1R 3.5 x10° 98. 45 98. 43 98.31 98. 58 1.8 96.9
P3 L - EAFP 3.5 x10° 98.58 98. 62 98.55 98. 62 1.2 97.2

2.7 ANEHSY R, FEATUEW] T BT BORS B R AR E 2
A Z R TE i 35 0 Ur R 35 580V T, B R 35 o s
FPRAL T A ) R AR A JE A W i R fE T AR B
T T Y IR BE S, DOTTTORS T AR D T3 S i o R
S0 v 7N ek X R IR ) A 9 R o
3.4 BREEHSHME MR

L — EAFP £ 42 7 6 5R A% S B AL 4% 8 4k 5 4
R Pk g2 Wi Z R HUS T 800~ 1

TER AU Y B )R P 5 1, L — EAFP S28L 1 X 20
TR 14 R RS o 4SS 2 B MR R 3. 157 x 107
JEARZE 3.5 x 107, JE 45 ik 98.9% ;7 iz B it
M 6.82 x 10° [ 2 5 x 10°, 117 f %k 11l vk 92. 7% ; #%

R A7 5 M 107.06 MB J % 1. 35 MB, 5% fl &
G 1 4 U, o A5 4 A5 R G A% 2 A 3 T A7 fif 45 TR
5558 1 W LAz BR 1) Al 340 2 15 4 (I 5 2o 5 G
ALt A ), 58 20l 2 T 35 3 & 09 R
Ko FEIZ Wi Pk BE 5 TR 46 J5 AL oE i R AT B
0. 11 4N F 43 o Hom ok IX da vf o 55 {4 87 1 1y ik
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BYAGE 4. 28 AN E 43 8, B0l AR 2RI 0,96 A4S
Ao TAER AR X R [, L — EAFP 4351 41
F10.1.2.7 NE 45
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Tab.3 Comprehensive comparison of model compression and performance

LAY CREEES HE %/ % FI{H/% 9 kb X S 1 5%/ % SR 7 RE 5 FE 45 %/ %
EAFP — Med ST SwinV2 - T 98. 69 98.58 97.8 3.157 x 107 6. 820 x 10°
ShuffleNetV2 ShuffleNetV2 93.76 93.21 86.3 3.500 x 10° 5.000 x 10®
G 45k 3Tk ShuffleNetV2 94. 30 93.71 87. 1 3.500 x 10° 4.200 x 10° 98.9
- 50 R R ShuffleNetV2 97. 62 97.58 94.5 3.500 x 10° 5.000 x 10® 98.9
[ 52 8bit f 1k ShuffleNetV2 97.55 97. 47 94.2 3.500 x 10° 5.000 x 10® 98.9
L - EAFP ShuffleNetV2 98.58 98. 62 97.2 3.500 x 10° 5.000 x 10° 98.9
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Tab.4 Comparison of semantic coverage and performance

in feature alignment layer selection experiment %

XFEA A 9o ke X 3
S R F1L{H

(B ! e
KE(1,2,3) ] 7 &5 98.15 98.12 96. 1
(3, 4,5) S5 ME 98.32 98.29 9.6
WE(5,6,7) JHE S5 4)m  98.40  98.37 96.9

S+ SR+
AX(3,5,7) 98.58  98.62 97.2
4 )7

H1 e 4 TR, AR 2 0 S I, B AR BE A
BN F RSO T Bl T ek WRE E R
G5 BRI IR 5 T RS E R 52 IR, T 2L
F1AEELAR(98. 12% ) o AU TR JZ X 55 I, 3% A
SRR RA T H R TRENS LT ZRT
RFE, F R TT RN o A 2 G H L R A A TRE B
(3o G BRI Z ), 5 B0 kb DX 00 B R T B =
96.9%
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Tab.5 Performance evolution and resource cost comparison of models at each stage of L — EAFP framework

LAY e %/ % FIfE/% i XIBAERHE/ % BEFRLE % SR FREBEE NS HE/MB
UM ASL AY 98. 69 98. 58 97.8 1.2 3.157 x 107 6. 820 x 10° 107. 06
BY B AL A 98. 09 98. 06 97. 1 1.5 2.210 x 107 4.170 x 10° 88. 40
FRAR G A 98.52 98.57 97.3 1.3 3.500 x 10° 5.000 x 10® 1.35
kG e A AR 98.58 98. 62 97.2 1.2 3.500 x 10° 5.000 x 10® 1.35
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Fig. 6  Visualization results of lesion attention for models at different compression stages
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Tab.6 IoU comparison between attention regions and

real lesions

N feFEn:  RBIER OB RBEW 7Y
15570 B B

ToU loU ToU ToU loU

Hm LT 0.82 0.89 0. 86 0.78 0. 84

AR BOME AL 0. 81 0.88 0.85 0.77 0.83

ZEARG A 0.80 0.87 0.84 0.76 0.82

wmALEF AR 0.80 0.86 0.83 0.75 0.81

x7T TEEBESERXRTHFE(CITS) LiEgEXTLL

Tab.7 Performance comparison of different models on

complex interference test set ( CITS) %
" 9 X 4k
155 7 CRNCES W% FlL{E o
iR
EAFP — Med ST SwinV2 - T 97. 05 96. 98 95.8
W 38 R R ShuffleNetV2 ~ 93.88  93.52 90. 1
L - EAFP ShuffleNetV2 96. 12 96. 05 93.5
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Fig.7 Schematic of real-time deployment process for edge-side models
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