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Accurate Detection and Severity Grading of Cotton Aphid
Infestation in Field Based on Improved YOLO v8n
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(1. College of Mechanical and Electrical Engineering, Shihezi University, Shihezi 832003, China
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Abstract; In order to address the problems of small target scale, high overlap, and complex background
of cotton leaves affected by aphids in field environments, traditional detection methods often struggle to
balance accuracy and real-time performance, resulting in limited effectiveness in practical applications.
Therefore, an improved lightweight detection model was proposed. On the basis of YOLO v8n, an
adaptive downsampling module ( ADown) was added to enhance local feature extraction, a spatially
enhanced attention module (SEAM) was introduced to achieve multi-scale information exchange, and a
Focal — EloU loss function was constructed for dense small object perception, effectively improving the
model’s adaptability to small objects and complex backgrounds. The experimental results on the self built
dataset showed that the improved model achieved significant improvement in detection accuracy while
significantly reducing the number of parameters. The average accuracy reached 96.2% . In addition, the
ablation study further demonstrated the effectiveness of each module in enhancing the overall performance
of the cotton aphid infestation severity detection model. The comprehensive results indicated that the
improved model balanced detection accuracy and model deployment efficiency while ensuring lightweight,
providing a feasible solution for intelligent monitoring of agricultural pests.
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Tab.2 Grading standards for cotton aphid infestation
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Fig.2 Improved YOLO v8n network structure diagram
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Tab.4 Performance of different channel attention

mechanisms in YOLO v8n

o KR, Am mAP/  PAE 5 H
% /% % 5 /MB
YOLO v8n 83.5 88.2 84.8 6.2
YOLO v8n + CBAM 84.2 88.8 85.5 6.8
YOLO v8n + ECA 83.8 88.5 85.1 6.4
YOLO v8n + RFA 84.5 89.0 85.8 7.0
YOLO v8n + SEAM 85.6 89.8 86.5 7.2
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Tab.5 Ablation test results
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vV vV Vv 86. 8 90.5 96.2 3.45 x 10° 9.15 x 10° 7.1
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Tab.6 Comparison of performance of different target monitoring models

Rl K%/ % A |/ % mAP/ % E2i6 T Rs WA i JH 5/ MB
YOLO v8n 83.5 88.2 84.8 3.01 x 10° 8.20 x 10° 6.2
YOLO v7 — Tiny 82.0 87.0 83.5 6.01 x10° 1.32x10" 10.5
YOLO v6n 82.5 87.5 83.8 2.80 x10° 7.50 x 10’ 5.8
YOLO v5n 81.5 86.5 82.5 1.90 x 10° 4.50 x 10° 4.5
Faster R — CNN 85.0 85.0 85.0 4.10 x 107 1.00 x 10" 50.0
SSD 80.0 82.0 80.0 2.60 x 107 6.20 x 10" 30.0
AR 86.8 90. 5 96.2 3.45 x10° 9.15 x10° 7.1
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Tab.7 Comparison of results on different degrees of

aphid infestation %
of 2 2 5| L ES PERT S mAP
Normal 88.0 91.2 97.3
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Fig.5 Image detection results before and after YOLO v8n
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