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Research on improved lightweight tomato leaf disease
detection algorithm based on YOLO11n-WCL

Guo Zhichao'® Ma Shungbao'"*
(1. College of Mechanical Engineering and Automation, Wuhan Tertile University, Wuhan 430200, China;
2. Key Laboratory of Digitized Textile Equipment of Hubei Province, Wuhan 430200, China)

Abstract: To address the issues of low detection accuracy, high computational cost and deployment difficulties in
existing tomato leaf disease detection algorithms, this paper proposes a lightweight improved algorithm, YOLOI11-
WCL, based on the YOLO1lln model. The algorithm introduces lightweight anti-aliasing wavelet pooling in the
backbone network to replace traditional downsampling operations, effectively reducing network complexity. In the
Neck part, a lightweight CA-HSFPN module is incorporated to enhance multi-scale feature fusion, while the LADH
detection head is adopted to improve inference speed. Based on the experimental dataset, comparative analyses of
lightweight networks, different detection algorithms, and ablation experiments were conducted. The experimental
results show that the YOLO11-WCL model achieves only 50.1% and 60.3% of the parameters and computational
complexity of the original YOLO11n model, corresponding to 1. 29 MB and 3. 8 GFLOPs, respectively, while reaching
an mAP of 98.5%. These findings demonstrate that the proposed algorithm significantly improves the detection
accuracy of tomato leaf diseases while maintaining model compactness, achieving high detection efficiency and good
generalization performance. It is suitable for deployment on UAVs and other mobile devices, with broad application
prospects and practical market potential.

Keywords: tomato leaf disease; YOLO11n; Wavelet Pool;efficient decoupling;lightweight;object detection
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Fig. 1 Improved YOLO11 model
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Fig. 2 Gradient response maps of different pooling operators and the corresponding gradient magnitude distribution histograms
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Fig. 3 Wavelet pooling propagation algorithm
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Table 2 Lightweight comparison experiment
A GFLOPs/G BRI SRk /M FPS R/% mAP@0.5/%
YOLO11+GConv 7.4 2. 64 147.0 70. 6 77.0
YOLO11+fasternet 13.1 6.38 188.7 73.4 79.5
YOLO11+ mobilenetv4 21.0 5.40 131.5 72.1 77.6
YOLO11n-WCL 3.8 1.29 226.2 68.1 98.5
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Table 3 Comparison experiments of algorithms

Bk AR GFLOPs/G BB R B/ M FPS mAP@0. 5/ %
SSD 98. 8 66. 36 22. 28 184. 10 86. 4
Faster R-CNN 59.3 134. 4 41.76 25.50 88. 3
RT-DETR 24.5 100. 6 28. 46 48.78 97.7
YOLOv5n 6 5.8 2.18 238.10 98. 3
YOLOv6 8.5 11.5 4.15 227. 27 97.9
YOLOVS8 5.6 6.8 2.68 250. 00 98. 2
YOLOv9s 13.3 22.1 6.19 140. 85 98. 4
YOLOv10 5.8 6.5 2.26 270. 27 98.0
YOLO11n 5.5 6.3 2.58 243. 90 98. 1
YOLO11n-WCL 2.9 3.8 1.29 226. 20 98.5
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YOLO11n-WCL model before and after improvement
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Table 4 Dissolution experiment results

SEG P Wavelet pool  CA-HSFPN  LADH  #EIEEL  GFLOPs/G  #MSHFE/M  FPS  mAP@0.5/%
1 5.5 6.3 2.58 243.9 98.1
2 N 4.7 5.5 2.23 178. 6 98.1
3 N 3.9 5.6 1.81 181.8 98. 2
4 J 4.9 5.2 2.28 256. 4 98. 4
5 N N/ 3.2 4.8 1. 46 212. 8 98. 4
6 N J 4.2 4.4 1.93 181.8 98. 2
7 J J 4.7 5.2 2.16 228. 6 98. 4
8 N NG N 2.9 3.8 1.29 226. 2 98.5
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