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Abstract; Aiming at the problem that the traditional apple leaf disease classification method has poor
accuracy and low efficiency, which affects prevention and cure effect, an improved ResNetl8 algorithm
was proposed. By adding the branch of channel and spatial attention mechanism to the original
ResNetl8, the feature extraction ability of the network for leaf disease regions was strengthened to
improve the disease recognition accuracy and real-time performance. In addition, to better guide the
network to learn the features of sporadically distributed disease spots, the feature map random cropping
branch was introduced, which not only achieved the expansion of the limited sample space, but also
further optimized the network structure and improved the training speed. The experiment was conducted
with five common types of apple foliar diseases ( black star, black rot, cedar rust, gray spot, and
powdery mildew) as the main research objects and compared with the mainstream classification algorithm
models for analysis. The experimental results showed that the disease classification accuracy of the
proposed ResNetl8 — CBAM — RC1 model can reach 98.25% , which was higher than that of ResNetl8
(93.19% ) and VGG16 (96.13% ), and can effectively extract leaf disease features, enhance the
recognition of multiple types of diseases, and improve the real-time recognition capability and accuracy.
In addition, the model size was only 37.44 MB and the inference time of a single image was 9. 11 ms,
which can meet the real-time requirements of orchard disease recognition on embedded devices and
provide information support for disease prevention and control in digital orchards.
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Fig. 1 lmage example of apple leaf disease
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Tab.1 ResNetl8 network structure parameters

AR i th R~F
Convolution 64 x 128 x 128
MaxPool 64 x 64 x 64
Res_al 64 x 64 x 64
Res_bl 64 x 64 x 64
Res_a2 128 x 32 x32
Res_b2 128 x32 x32
Res_a3 256 x 16 x 16
Res_b3 256 x 16 x 16
Res_a4 512 x8 x8
Res_b4 512 x8 x8
ConvAvgPool Sx1x1
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Fig.6 Training loss curves of each classification model
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Tab.2 Comparison of evaluation criteria of

different models

o e
- AEORE W P W
B £
R/ % % F/% % ms
H/MB
VGGl6 96.13 96.24 96.13 96.08 7.21 128.68
ResNet18 93.19 93.37 93.19 93.21 6.82 24.77
ResNet18 — CBAM 95.23 95.15 95.23 95.16 9.18 25.89
ResNetl8 — RC 97.34 97.28 97.34 97.28 7.01 37.19

ResNetl8 — CBAM — RC1 98.25 98.52 98.25 98.32 9.11 37.44
ResNetl8 = CBAM—RC2 97.69 97.62 97.69 97.65 8.01 38.13
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Tab.3 Comparison of recall, precision and F1 values

of different models %
9 E R HEE R F1 {8
VGGI16 94. 67 95. 89 95.28
ResNetl8 93. 89 97.92 95. 86
ResNetl8 — CBAM 96. 04 96.31 96. 17
ResNetl8 — RC 98. 11 98. 12 98. 11
ResNetl8 — CBAM — RC1 100 100 100
ResNetl8 — CBAM — RC2 97. 63 98.52 98.07
VGG16 100 96.22 98.07
ResNetl8 82.32 87.23 84.70
ResNet18 — CBAM 94. 15 88. 19 91.07
B
ResNet18 — RC 91. 88 95. 83 93. 81
ResNetl8 — CBAM — RC1 100 92.59 96. 15
ResNetl8 — CBAM — RC2 94.29 95.38 94. 83
VGG16 90. 08 100 94.78
ResNetl8 100 98. 04 99.01
FFAE  ResNetl8 — CBAM 97.96 100 98.97
R ResNetl8 — RC 100 100 100
ResNetl8 — CBAM — RC1 100 100 100
ResNetl8 — CBAM — RC2 100 100 100
VGGI16 97.83 100 98.90
ResNetl18 92.21 83. 64 87.72
ResNetl8 — CBAM 90. 10 93.75 91.89
YRR
ResNetl8 — RC 98. 32 92.45 95.29
ResNetl8 — CBAM — RC1 91.26 100 95.43
ResNetl8 — CBAM — RC2 98. 33 94.20 96. 22
VGGI16 98.07 89. 11 93.38
ResNetl8 97.53 100 98.75
ResNetl8 — CBAM 97.92 97.50 97.71
183 9
ResNetl8 — RC 98. 40 100 99. 19
ResNetl8 — CBAM — RC1 100 100 100
ResNetl8 — CBAM — RC2 98.22 100 99. 10
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