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Potato leaf disease identification based on improved residual networks
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(1.Faculty of Information Engineering and Automation, Kunming University of Science and Technology, Kunming,
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Abstract: A C-ResNet-50 model was proposed to improve the accuracy of computer recognition of potato leaf diseases in
natural backgrounds, in response to the low accuracy of the existing algorithms. Firstly, images of late blight, early blight,
anthracnose and healthy leaves for potatoes were collected in the field, and data augmentation was conducted by
simulating factors such as shooting angle and weather conditions to construct an experimental dataset. Secondly, by
comparing deep learning models, ResNet-50 network was selected and improvements were proposed. A 3x3
convolutional layer and a 1x1 convolutional layer with a step size of 1 were introduced into the residual block to reduce
the severe missing feature information in the main branch of the residual block. A new fully connected layer was
introduced to conquer the problem of high similarity and difficult classification of potato leaf diseases. The ECA attention
module was added to address the issue of the insufficient targeted attention capability in the backbone network. The
results showed that the average accuracy of the C-RseNet-50 network for identifying potato leaf diseases reached 90.83%,

which was 1.84 percentage points higher than that of the original model.
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Table 1 The accuracies and recalls of different models in

identifying potato leaf diseases datasets %
HIZTES FEJOES
A
HeREG  HRIE BgERET MeR)E
VGG-16 85.43 86.24 85.32 85.63
MobileNet-v3  84.83 85.53 84.72 85.34
AlexNet 86.77 86.85 86.39 86.64
ResNet-32 88.07 88.54 87.93 88.29
ResNet-152 88.16 88.57 88.03 88.43
Yolov5s 87.54 88.25 87.21 88.01
Yolov8n 88.15 88.51 87.94 88.37
ResNet—50 88.24 88.99 88.12 88.63
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Table 2 The accuracies and recalls of the modified model with

residual blocks at different positions %
(CRIChA e ST E
FS T 88.99  88.63
Module2 89.31 89.25
Module2. Module3 89.59 89.51
Module2. Module3. Module4 89.81 89.63
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Table 3 The accuracies and recalls of models before and after

fully connected layer improvement %
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Table 4 The accuracies and recalls of models with different

attention modules added %
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Table 5 The accuracies of C-SResNet-50 network in identifying

various types of potato leaf diseases
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Table 6 The accuracies and recalls of different network models

in identifying potato leaf diseases %
Do) 2% ALY HIZTIES FEIEES
AlexNet 86.85 86.64
MobileNet—v3 85.53 85.34
GoogLeNet 84.95 84.82
Inception—v4 87.41 87.11
Faster-R-CNN 83.78 82.49
SSD 84.27 83.08
Yolov8n 88.51 88.37
C—ResNet—50 90.83 90.71
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