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Abstract

Based on the collaborative optimization of depthwise separable convolution and CBAM attention
mechanism, the improved ResNet34 model achieves a unification of high precision, high efficiency,
and lightweight in the intelligent recognition task of citrus diseases and pests. By introducing depth-
wise separable convolution, the model effectively reduces computational complexity and the num-
ber of parameters, while the channel and spatial attention mechanisms of the CBAM module
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adaptively focus on key feature regions of diseases and pests, significantly enhancing the model’s
representational capability and discriminative power. Experiments demonstrate that the recogni-
tion system achieves an average precision of up to 96% on a self-built citrus disease and pest dataset.
While ensuring real-time performance, the model size is substantially compressed, providing a fea-
sible technical solution for deployment on mobile and edge computing devices, with strong practi-
cal application value and promotion potential.
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Figure 1. Examples of data augmentation for disease and pest images
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Figure 2. Structure diagram of DSC
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Figure 3. Architecture diagram of the DSCBAM-ResNet34
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Figure 4. Accuracy results diagram
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Figure 5. Confusion matrix of disease and pest identification results
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Table 1. Comparison between DSCBAM-ResNet34 and other SOTA lightweight models
7 1. DSCBAM-ResNet34 5 SOTA Z2LRRILLER

it Acc (%) Pre(%) Par(M) Reca(%) FLOPS(G) mMAP (%) Time(ms) Wei
MobileNetV2 94.2 93.8 34 94.0 0.30 93.5 15.2 13.2
ShuffleNetV2 93.8 93.3 2.3 935 0.15 92.9 10.1 9.1
GhostNet 95.5 95.2 5.2 95.3 0.14 94.9 124 20.3
DSCBAM-ResNet34 96.7 96.0 4.1 95.7 0.25 97.0 18.0 16.0
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Table 2. Performance of the test set in the improved model
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I LAY EG 5= Acc (%) Pre (%) Reca (%) F1 (%) AP (%)
@Rt v 180 99.0% 98.3% 99.0% 98.8% 99.1%
EWAL 120 96.7% 96.5% 94.2% 95.3% 96.0%
] 110 95.3% 94.8% 96.3% 95.5% 95.9%
SRR 100 94.9% 93.1% 92.0% 92.5% 93.3%
TR gk 90 97.8% 97.2% 96.0% 97.5% 97.9%
SAHPEE 600 96.7% 96.0% 95.5% 95.9% 96.4%
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Figure 6. Home page of the system
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