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Detection model of pear leaf disease based on YOLOv8n

HUANG Zheng', ZHANG Tao', KONG Wanzai!, ZHAO Danfeng!*, WEI Quanmiao?

(1.College of Information Technology, Shanghai Ocean University, Shanghai 201306, China; 2.East China Sea Bureau,
Ministry of Natural Resources, Shanghai 200137, China)

Abstract: In response to the challenges of low accuracy and large model parameters number in traditional object
detection models for detecting pear leaf diseases in natural scenes, an improved model for pear leaf disease detection
based on YOLOv8n was proposed. Firstly, the RepGhostNet was employed to enhance the backbone network, which
utilized structural reparameterization to achieve implicit feature reuse, thereby enhancing the network's feature extraction
capabilities while maintaining lightweight characteristics. Secondly, the bi-level routing attention mechanism was utilized
to dynamically filter out less relevant key-value pairs at a coarse region level, thereby lowering attention to irrelevant
features and increasing sensitivity to essential information, and enhancing the network's representational and feature
fusion capabilities. Finally, the Inner-SIoU loss function was employed to optimize bounding box regression, accelerate
model convergence and improve recognition accuracy. The results showed that the improved model effectively detected
pear leaf diseases, achieving an mAP@50 score of 0.901 on the DiaMOS Plant dataset. Compared to the original model,
the improved model exhibited a notable 5.6% enhancement in performance, with reduced model parameter
quantity(2.4x10%) and computations(7 GFLOPSs), representing a 20.00% and 13.58% decrease, respectively. When
compared to mainstream object detection models such as SSD, Faster-R CNN, YOLOv5n, and YOLOVSs, the enhanced

model showed an increase in average precision, accompanied by reductions in both parameter and computation loads.
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Fig.1 Example of DiaMOS Plant pear leaf disease image
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Fig.2 Improved YOLOv8n model
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Table 1 Comparison of improved model performance using
different backbone networks
FEFMLE mAP@S50 mAP@50-95 ZHR/(x101%) GFLOPs

FLERAITY 0.853 0.742 3.0 8.1
MobileNetv3  0.833 0.705 3.1 6.1
EfficientViT ~ 0.842 0.712 4.0 9.4
FasterNet 0.826 0.750 4.1 10.7
RepGhostNet  0.860 0.747 23 6.8
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Table 2 Comparison of improved model performance using

different attention mechanism

FESNG mAP@350 mAP@50-95 "%ﬁi/ GFLOPs
(x10°4%)

Bl 0.853 0.742 3.0 8.1
SpatialGroup-Enhance 0.847 0.709 3.0 8.1
EMA 0.842 0.706 3.0 8.1
SimAM 0.812 0.708 3.0 8.1
BRA 0.856 0.746 32 8.3
3.1.3  TNREARE BB AR L6 TR

% iiE Inner-SToU$it 2k sR B L, F 5
Inner-CloU FlInner-EloUiEf 7 bb A%, SCoG45 R an#3
Fin o GERFRM, SR 3R B F 2k R B A ik
IR SR AT . (1 F Inner-CloUAE R #5
2 RS T P B ARG B2 N B, i FH Inner-EIoU
VERAR pREIT, AT R mAP@50-95
P& T0.4%. FHELZ N, f FHlInner-SIoUAE A 45 2%
R, HmAP@50 HImAP@50-95FH % T K4k 44
T B T 0.58%H12.02% . Ay T B T UL 1A PR
AR 2K pR IO F RIS SR R 52 K3l
ZRid B P PR AAE AL T TR, A5 SR 6
N HE6RILIEH, Inner-SloUAHX} F Inner-CloU
FlInner-EloUZ B B pRp I Sl B2, JF H B A B

INFIIRFERR IS, 31X St H Inner-SToU i 2% pRECHE
HAMRH

R3 ERTBIRKEHAREMREXELEER
Table 3 Comparison of improved model performance using

different loss function
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FLERAITY 0.853 0.742 3.0 8.1
Inner-CloU ~ 0.837 0.713 3.0 8.1
Inner-EloU  0.853 0.745 3.0 8.1
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Fig.6 Comparison of different loss function curves
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Table 4 Results of ablation experiments
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Table 5 Comparison results of different model

iz mAP@50 mAP@50-95 Z%i/(x101) GFLOPs
SSD 0.798 — 26.3 87.7
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