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Detection and identification of crop pests based on improved YOLOvVS8n

Xu Yue'"?, Zhao Hui"?, Yue Youjun'?
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Abstract: To address the issues of low efficiency, easy false detection, missed detection and limited accuracy in pest detection
based on machine vision in agricultural fields, a deep learning algorithm for pest recognition named YOLOv8—ECSI, based
on an improved YOLOv8, was proposed to enhance detection performance for small, dense and similar-featured common pests.
Firstly, EfficientNetwas used to replace the original backbone network, achieving model lightweighting without significantly
affecting detection accuracy. Secondly, the original upsampling module was replaced with a CARAFE upsampling module to
reduce the loss of detail information. Additionally, the small object detection layer incorporated spatial-channel reorganization
convolution (SCConv) to enhance feature representation capabilities. The original loss function was replaced with the Inner—
CIoU loss function to improve small object detection capabilities. A dataset was established by using the large public dataset
IP102 and web queries. Experiments demonstrated that the improved model achieved an average precision of 94. 6% , with
a reduction of 33.6% in the number of parameters and a reduction of 23. 5% in computational load. Compared with models
such as YOLOv5, YOLOvV7, and SSD, the improved model exhibited superior detection performance and faster speed.
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Fig. 1 Images of various insect pests in different environments
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Tab. 1 Data set label information i
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i K 759 615 61 83
KL H 491 399 37 55
g i 955 788 91 76
W e 650 525 60 65
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N 1028 833 102 93
ot 711 578 73 60
S 6 876 5599 625 652
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Tab. 2 Comparison results of different model

S AR SRR

" mAP

s J% M /G /MB
SSD 92.3 26.29 62.75 95.2
Faster R—CNN 89.72 28.48 941. 17 108.5
YOLOvV5s 92.2 7.04 15.8 14. 4
YOLOv7 93.2 36.53 103. 3 74.9
YOLOv&n 94.8 3.01 8.1 6.3
YOLOv8—ECSI 94.6 2 6.2 4.3
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ERAG R . YOLOVS—ECST 6 I 3)I| 25 i) - 24145 J3
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16 B B S AL RRAR 0. 2% MRS LR , 280 31
T I 2R R AR 43 sk /b 33.6%6.23. 5% 1 31.7%,
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Tab. 3 Results of model comparison tests at different ratio %

W] 2% 45 4 P R mAP
YOLOv8(CIoU) 93.1 88.2 94.8
YOLOv8(Inner—CloU,ratio=1.2) 94.9 89.2 95.3
YOLOv8(Inner—CloU,ratio=1.1) 95.9 88.9 95.4
YOLOv8(Inner—CloU, ratio=1) 95.7 90.6 95.2
YOLOv8(Inner—ClIoU,ratio=0.9) 89.8 92.5 95.3
YOLOv8(Inner—CIoU,ratio=0.8) 94.7 88.9 95.3
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Tab. 4 Results of lightweight network experiment
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Tab. 5 Results of ablation experiment
Fe 2 AR Y EfficientNet CARAFE SCConv Inner—CIoU  P/% R/% mAP/Y% SEE/M  EE/G
X X X X 93.1 88.2 94.8 3.01 8.1
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Fig. 7 Detection of visual results
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