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Abstract

Plant diseases are a major threat to global food security. Traditional manual inspection methods can-
not meet the demands of modern smart agriculture for accurate and automated disease identification.
Deep learning offers a promising solution, yet conventional convolutional neural networks suffer
from large parameter sizes and high computational complexity, while lightweight networks often face
insufficient classification accuracy. To address this issue, this paper proposes a plant disease

EIEE .

SCES| A WA, MRSAE, DR, AETR. BT 2 Logit AN FIRAIF R D). AN TR RS LA AR,
2026, 15(4): 1059-1068. DOI: 10.12677/airr.2026.154095


https://www.hanspub.org/journal/airr
https://doi.org/10.12677/airr.2026.154095
https://doi.org/10.12677/airr.2026.154095
https://www.hanspub.org/

classification method based on multi-level logit knowledge distillation. Taking ResNet34 as the
teacher model, the method combines instance-level, batch-level, and class-level distillation losses to
transfer knowledge from the teacher network to lightweight student models from multiple dimen-
sions, thereby improving their classification performance without increasing inference overhead. Ex-
periments are conducted on the publicly available multi-source Plant Disease Classification Merged
Dataset from Kaggle. The results show that the distilled student model achieves a Top-1 accuracy of
up to 95.19%, surpassing the teacher model’s 94.20%. CAM visualization further confirms that the
distilled model’s ability to recognize disease regions is significantly enhanced. The proposed method
achieves a favorable balance between accuracy and efficiency, is suitable for deployment on edge de-
vices, and can provide effective technical support for agricultural modernization.
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Figure 1. The top five categories with the largest sample size and the bottom five categories with the smallest sample size
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Table 1. Multi-level logit distillation effect comparison experiment table

1. %R logit ZIBRITLL LI 3R

BUTER Edesy: vt
yi-pit ResNet18 MobileNet ShuffleNet
ResNet34
baseline KD baseline KD baseline KD
TOP-1 94.20% 87.12% 95.19% 92.97% 95.07% 92.91% 94.62%
TOP-5 99.41% 98.24% 99.55% 98.82% 99.45% 99.02% 99.34%
recall 0.9420 0.8712 0.9519 0.9297 0.9507 0.9291 0.9462
Fl-score 0.9417 0.8663 0.952 0.9299 0.9507 0.928 0.9465
Params 2132 M 11.22M 11.22M 330 M 330 M 135 M 1.35M
Flops 51.72G 2734 G 27.34G 235G 235G 0.56 G 0.56 G
HPEARIEBERERNS 41175 ms 26191 ms  2.5638ms  1.5487ms  1.6688ms  1.2063 ms 1.0751 ms
[ EEPNAN 81.5 MB 42.9 MB 42.9 MB 12.8 MB 12.8 MB 53 MB 53 MB
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Figure 2. Visualization of confusion matrix, precision, recall and F1-score for partial classes under ResNet18 architecture
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Table 2. Performance of ShuffleNet under different distillation temperatures
% 2. ShuffleNet AN EZRIEIRE T B RERI

BET Topl Top5 Recall Fl-score
1 93.66% 99.07% 0.9366 0.9365
2 94.62% 99.34% 0.9462 0.9465
3 94.66% 99.48% 0.9466 0.9468
4 94.76% 99.44% 0.9476 0.9477
5 94.63% 99.45% 0.9463 0.9466
6 94.95% 99.42% 0.9495 0.9496
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Figure 3. Top-1 accuracy of shufflenet at different distillation temperatures
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Figure 4. CAM visualization of diseased leaves in different categories based on ResNet18 model
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