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Identification method of crop diseases and insect pests based on improved
YOLOvV5n model
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Abstract: In order to solve the problems of low recognition accuracy for crop diseases and insect pests in complex
scenes and large model parameters of the model, the lightweight YOLOv5n model was improved in this study. Firstly, a co-
ordinate attention module was added to the backbone network of YOLOv5n model to make the model focus on the detection
target and its location and reduce the influence of complex background on the model. Secondly, the weighted bi-directional
feature fusion pyramid network (BiFPN) was introduced to reduce the information loss of small targets and improve the
model’ s feature learning ability. Finally, the loss function SToU was used to replace the loss function CloU, which improved
the target detection accuracy without changing the parameters of the model. In the dataset of corn pests and diseases collect-
ed by unmanned air vehicle, the AgriPest-YOLOv5n model mAP@ 0. 50 proposed by this study reached 81.32%, and the
detection speed reached 77 FPS on the Jetson Xavier development board. The size of the model was 1.63 MB. The improved
YOLOv5n model can meet the requirement of light weight, and can identify crop diseases and insect pests in real time and

accurately under complex background. The results of this study provide technical support for the precision control of crop

diseases and insect pests.
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Fig.1 Dataset for agricultural pests and diseases
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Table 3 Validation of the model on the IP102 public dataset ( vali-

dation set)

o S0 . mne 00
YOLOv5n 1.68 4.23 76.71
YOLOv5n+BiFPN 1.70 4.28 76.97
YOLOv5n+C3CA 1.62 4.10 77.76
YOLOv5n+C3CA+BiFPN 1.63 4.15 77.87
YOLOv5n+C3CA+BiFPN+SIoU 1.63 4.15 78.15
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Table 4 Validation of the model on the self-made corn pest dataset

( validation set)

i ?ﬁ? w00
YOLOv5n 1.68 4.23 75.52
YOLOv5n+BiFPN 1.70 4.28 75.83
YOLOv5n+C3CA 1.62 4.10 79.37
YOLOv5n+C3CA+BiFPN 1.63 4.15 80.05
YOLOv5n+C3CA+BiFPN+SIoU 1.63 4.15 81.32
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Fig.6 mAP@0. 50 curves for lightweight models under two different datasets ( validation set)
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Table 5 Performance of different lightweight models on the IP102 public dataset ( validation set)

Hom e VP KigE mAP@0.50  mAP@0.50 : 0.95 iR
(MB) (%) (%) (%) (FPS)

MobileNetv3 3.38 5.97 71.87 65.72 37.23 66.67
YOLOv3Tiny 8.27 12.98 72.31 65.75 31.49 52.63
ShuffleNetv2 1.00 2.04 66.19 64.85 36.35 125.00
GhostNet 3.52 8.21 80.10 77.95 48.41 47.62
YOLOv7Tiny 5.74 13.19 81.98 80.89 52.33 45.45
YOLOv5n 1.68 4.23 77.89 76.61 47.18 90.91
ABHEALTE 1.63 4.10 79.28 78.15 47.69 76.92

mAP@ 0. 50 : fEACTFLLBIE N 0. 50 ITE UL T 0 R— 280 BT SR B (AP) , SR )G BUF 3 (H . mAP@ 0.50 : 0.95: 1E 5T LB fEM 0. 50
3 0.95 {EHIA, LL0. 05 B IBIE TR BUE T 19 mAP SRS 15 B9 F3I(H
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Table 6 Performance of different lightweight models on the self-made corn pest dataset ( validation set)

Hm zzi%ﬁﬂzf VA i%l;r% mA}()(go ()). 50  mAP@ ((). (2()) :0.95 (m;ﬁp%)
MobileNetv3 3.38 5.97 75.26 53.65 20.51 66.67
YOLOv3Tiny 8.27 12.98 81.19 56.42 21.15 52.63
ShuffleNetv2 1.00 2.04 81.89 68.35 28.73 125.00
GhostNet 3.52 8.21 86.39 70.08 37.74 47.62
YOLOv7Tiny 5.74 13.19 88.91 73.43 38.49 45.45
YOLOv5n 1.68 4.23 88.23 75.52 38.73 90.91
ABHERSE 1.63 4.10 89.94 81.32 41.75 76.92

mAP@ 0. 50 . 7E2FF LA 0. 50 BITEOL T WA — 2 0T B B (AP) SR GRS {E, mAP@ 0.50 = 0. 95 7E 38 9F EL BI{E I 0. 50
) 0.95 JEFP, LL 0. 05 2B T3 BIE T 1Y mAP ARG 1581 1) 45918
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Fig.7 Comparison of detection performance between YOLOvS5n and the improved model AgriPest-YOLOv5n ( test set)
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