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Cotton leaf disease detection based on an improved YOLO11 model

FENG Wei, ZHAO Xia
(College of Information Science and Technology, Gansu Agricultural University, Lanzhou 730070, China)

Abstract: In order to improve the performance of the YOLO11 model in detecting cotton leaf diseases, this study
used the YOLO11 model as the benchmark model, introduced a multi-scale edge enhancement module (MEEM) to replace
the original C3k2 module, and added a condensed attention ( CA) mechanism in the C2PSA module. The improved YO-
LO11 model was constructed by replacing the feature fusion module ( Contat) with dynamic feature fusion (DFF) , thereby
enhancing its ability in extracting complex details and edge features of the target, recognizing small objects, and fusing
multi-scale features. The cotton disease image data obtained by Kaggle platform, Google and Baidu search tools were used to
compare the model detection performance. The results showed that the detection accuracy, recall rate, mean average preci-
sion (mAPs,) and mAPy,. s of the optimized model for cotton leaf diseases were 6.1 percentage points, 2.5 percentage
points, 4.5 percentage points and 2.5 percentage points higher than those of the benchmark model, respectively. The float-
ing point operations and parameter count increased by 34.92% and 26.74%, respectively. Compared with YOLOvS,
YOLOv8n, YOLOv1On and other models, although the
improved YOLO11 model had higher parameter count and
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BB 5(1996-) 5B {5 A - F50 k| B floating point operations, its detection accuracy, recall rate
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com significantly improved the detection performance of cotton
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detection accuracy of Fusarium wilt and healthy leaves remained high. The results of this study play an important role in the

automatic and accurate detection, early warning and control of cotton diseases and the safe production of cotton.
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Fig.1 Schematic diagram of cotton leaf samples showing symptoms of different types of diseases
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Fig.2 YOLOI11 model architecture
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Fig.3 Improved YOLO11 model architecture
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Fig.4 Multi-scale edge enhancement module processing flow
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Fig.6 Structure diagram of condensed attention ( CA) mechanism
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Fig.7 Structure diagram of dynamic feature fusion
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Table 1 Design of ablation experiments
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VE 93.5 75.0 85.1 71.3 8.5 3.27
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Table 3 Detection performance of different models on cotton leaf diseases
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YOLO11 87.4 72.5 80.6 68.8 6.3 2.58
ek YOLO11 93.5 75.0 85.1 71.3 8.5 3.27
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Table 4 Detection performance of YOLO11 model and improved YOLO11 model on six types of cotton leaf diseases
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Fig.8 Visual recognition effects of YOLO11l model and im-
proved YOLO11 model on cotton leaf diseases
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