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Cucumber leaf disease recognition based on improved YOLOv8n

Lu Yanmei, Chen Mingdong, Shi Yuliang, Wang Jiasheng, Liu Xiaotong, Hu Pengxiang
(College of Mechanical and Electrical Engineering, Qingdao Agricultural University, Qingdao, 266109, China)

Abstract: In order to detect cucumber disease targets in complex natural environment quickly and accurately, aiming at the
problem of low accuracy of cucumber leaf image recognition caused by different weather, angle, direction and distance, this
study constructed 6 620 images of cucumber leaf data sets, including downy mildew, powdery mildew, late blight and
normal leaves, and proposed AKGAM—YOLOv8 model based on YOLOv8n model. Firstly, the variable kernel
convolution AKConv is introduced into the Bottleneck network layer to reduce the model parameters and computational
overhead, making the original model more lightweight. On this basis, the feature fusion network BiFPN and the attention
mechanism GAM are used to improve the model 's ability to extract small features without reducing the detection speed.
By changing the loss function of the original model to the WIOU loss function, the gradient descent speed and the loss
value after convergence are superior to the original model. The experimental results show that the accuracy rate of
cucumber disease recognition of the improved model is 97.21%, and the model weight is 13.22 MB. Compared with the
original model, the model weight is reduced to 56.42% of the baseline network, the accuracy rate is increased by 1.71%,
and the average accuracy is increased by 3.04%. It meets the requirements of real-time detection of cucumber diseases,
and provides a theoretical basis for crop disease recognition and detection in complex natural environments.
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Fig. 1 Picture of the disease
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Tab. 1 Detailed information on cucumber disease dataset i
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Tab. 2 Ablation test

Fe iRl AKConv  WIoU GAM BiFPN P/% R/ % mAP/ % NIE/MB KA EE/ms
1 YOLOv8n — — — — 95. 50 85. 46 94.11 23.43 56. 71
2 YOLOv8n N — — — 95. 63 84.16 93.25 17.65 51.47
3 YOLOv8n — N — — 96. 32 86. 25 95.55 23.43 56. 71
4 YOLOv8n — — NG — 96. 26 85. 46 94.06 16.71 47.55
4 YOLOvS8n — — — N/ 96. 66 85.95 94. 17 16. 82 47.96
5 YOLOvVS8n N/ N/ — — 97.03 86. 56 96.53 14. 62 39. 21
6 YOLOv8n NG N/ NG — 97.16 87.13 97.09 13.89 37.98
7 YOLOv8n NG N NG N 97.21 87.66 97.15 13.22 37.16
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