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Abstract

This paper proposes an improved lightweight YOLOv5-based method for detecting maize leaf disease
detection by introducing the GhostNet module to replace the backbone network and optimizing the
neck network with the GSConv module, significantly reducing model parameters and computational
complexity. Experimental results demonstrate that the enhanced YOLOv5s-Ghost-GSConv-seg
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maintains high detection accuracy while achieving a 37.5% reduction in parameters, a 20.8% de-
crease in computational cost, and a 15.6% improvement in inference speed. The multi-scale feature
fusion design effectively balances detection accuracy and real-time performance, providing an effi-
cient solution for lightweight object detection in smart agriculture applications.
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Table 1. Comparison of the YOLO series with traditional machine learning and deep learning models
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Figure 1. Practical application decision tree
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Figure 2. Sample of leaf blight disease
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Figure 3. YOLOVS network structure
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Figure 4. Conv model structure
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Figure 5. C3 model structure
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Figure 6. SPPF model structure
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Figure 7. Neck module structure
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Figure 8. Head module structure
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Figure 10. Ghost bottleneck structure with different strides
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Figure 11. GSConv module structure
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Figure 12. The improved network structure of YOLOVS
12. YOLOVS5 Bittid f5 L& 4544

5. MEEST T S4S
5.1. #HENIZ

PyTorch HE%E 2.0.0, CUDA A 11.8, % YOLOvSs-seg. YOLOvSm-seg, YOLOVSI-seg 2475241
SYEINZR, SOEE T YOLO BLALE JEA SO LAtk 78I Ghost BLELAT GSConv #EH,  JfXof it B SC 433k
AT BB, AR TR SRR EE SO AR R B SCHFEAE Ultralytics B MRS, AR EL epoch WM 100, batch_size
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Figure 13. Model training results
s
13. RENNGER
Table 2. Performance of different models in instance segmentation tasks
=] =
2. TEHERESEAI S ENES P HIRI
model mAP Precision recall F1 GFLOPs Params (M) FPS
YOLOVSs 0.921 0.854 0.868 0.86 259 7.2 45
YOLOv5Sm 0.921 0.905 0.858 0.85 70.2 21.2 32
YOLOVS51 0.928 0.896 0.875 0.88 147.0 46.5 22
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YOLOV5s-Ghost-GSConv 0.923 0.875 0.875 0.86 20.5 4.5 52
YOLOv5m-Ghost-GSConv 0.917 0.891 0.870  0.86 45.9 15.8 38
YOLOVS51-Ghost-GSConv 0.927 0.901 0.860  0.87 81.9 34.7 26

Yolovbs-Ghost-GSConv-seg Yolov5m-Ghost-GSConv-seg Yolov5!-Ghost-GSConv-seg

Figure 14. Different model segmentation effects
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(mAP 0.923)[{1[FB}, ZHEM 7.2 M [EZ 4.5 M (P18 37.5%), 1T 55 M 25.9 GFLOPs /> % 20.5 GFLOPs
(PR 20.8%), HEFHHEEM 45 FPS $271 % 52 FPS (4R 15.6%), AMURE L T iHERIET K, @6tm
TSEI RS IUPERE, RIS A TR SR A PR AR 2B % b, DS S M IR AL T v T R Y
fiR T %, RN ZITVE IR A BT E LS o AR A0 A DI S5 h2 ik 1 R f .
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