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Table 3 Ablation experiments %
i DCN % AR R
Test EMA  WIoU .. Average
number v2 Precision  Recall precise
1 X X X927 86.1 93.3
2 N X X 94.1 87.9 94.7
3 X N/ X 91.3 90.2 95.1
4 X X ~ 95.4 92.2 96.7
5 v N X 956 89.7 96.0
6 N N/ N 97.0 93.6 97.9

R NZ S, X SR A %5 . Note: ~/ indicates

that the algorithm is used, X indicates that the algorithm is not used.
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Fig.8 Visual comparison of results before and after improvement
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Table 4 Comparative tests %
B4 B HIFTES FEJTES SFEPAE i

Model name Precision Recall Average precision
YOLOV5 87.4 78.0 87.4
YOLOV7 90.2 86.5 92.6
YOLOvV7-tiny 92.6 88.6 94.8
YOLOVS8n 92.7 86.1 93.3
CenterNet 95.3 84.9 92.3
RT-DETR 94.4 87.1 93.5
EDW-YOLOVS 97.0 93.6 97.9
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CCTSDB traffic 95.7 92.1 96.4
signs

YOLOv8

EDW-YO-
LOv8
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Py 5 G D PR ) R AT B A IR B RCR | B,
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FPE .
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Cotton leaf disease detection based on EDW-YOLOVS

LIYa!, JIANG Chen', WANG Hairui',ZHU Guifu®, HU Can'

1. Faculty of Information Engineering and Automation , Kunming University of
Science and Technology , Kunming 650504, China;
2. Kunming University of Science and Technology ,Information Technology Management Center/
Kunming University of Science and Technology - Dawn Information Industry Co. ,
Lid., Al Joint Research Center , Kunming 650504, China

Abstract Accurate detection of cotton leaf diseases in complex natural environments is essential for
effectively minimizing the impact of diseases on cotton yield and quality. To address this, this study proposes
a cotton leaf disease detection model based on an improved YOLOv8n.First, the EMA attention mechanism
is integrated into the backbone network of YOLOvS8n.Simultaneously, the deformable convolutional mod-
ule,, Deformable ConvNets v2, is incorporated into the C2{ module within the backbone network to expand
the sensory field and strengthen feature extraction capabilities. Additionally, the CloU loss function is re-
placed with the WIoU bounding box regression loss , which includes a dynamic focusing mechanism to accel-
erate model convergence and further improve performance. The experimental results showed that the im-
proved EDW-YOLOV8 model achieves increases of 4.3%,7.5% and 4.6% in accuracy , recall,, and average
precision, respectively , compared with the original YOLOv8n. These results show that the proposed model,
with good generalization ability , can accurately and efficiently detect cotton leaf disease targets in images.

Keywords cotton leaf diseases; YOLOVS; attention mechanism ; deformable convolutional module ;

loss function
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