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Abstract: [Objective] This study aims to address the strong dependence of plant disease recognition on large-
scale annotated data and its poor adaptability to novel diseases, and enhance the performance of few-shot
learning methods under complex environments, so as to provide a theoretical basis for few-shot plant disease
recognition. [Method] A novel recognition framework, enhanced context-aware knowledge distillation
(ECKD), was proposed by integrating a few-shot transformer with supervised masked knowledge distillation.

The framework adopts a collaborative architecture composed of teacher and student networks, and introduces
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strategies such as global feature alignment, local feature alignment, and supervised masked image modeling
views. To enhance feature extraction and semantic understanding, a new encoder ViT-EC was developed using
a channel attention residual module and a context-aware module. The model was evaluated using prototype-
based classifiers on the PlantVillage dataset under 5-way 1-shot and 5-way 5-shot tasks. [Result] The
prototype classifier based on the ECKD framework achieved average accuracies of 74.98% and 88.28% in the
S5-way 1-shot and 5-way 5-shot tasks, respectively, significantly outperforming several existing methods.
Ablation studies confirmed the positive contributions of the attention residual module, context-aware module,
and the supervised masked image modeling strategy in enhancing global semantic understanding and local
feature reconstruction, especially under incomplete data conditions. [Conclusion] The ECKD framework
effectively alleviates the challenges of few-shot learning in plant disease recognition by integrating multi-view
augmentation strategies and a knowledge distillation mechanism. It significantly improves recognition accuracy
and model stability, offering an efficient and practical solution for intelligent agricultural perception systems
with promising applicability. [Ch, 8 fig. 4 tab. 29 ref.]
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Table 3 Comparison of 5-way 1-shot and 5-way 5-shot experiment of existing few shotlearning methods

) WERA 1%
Fik F % SHEM ARG
S-way 1-shot S-way 5-shot
VG L P 265 Conv4 1.55 3.87 73.19 88.91
P ATES Conv4 1.55 3.87 73.01 85.82
SRR 2 Conv4 1.55 3.87 72.25 88.30
Iterative SS CNN 6.75 3.20 34.00 53.10
Mahalanobis ResNetl8 24.88 3.60 46.60 63.50
CMSFF + CA Resnet12 12.75 470 60.70 78.10
Frequency + GC Resnet12 12.75 4.70 64.50 80.90
FREN Resnet12 12.75 4.70 66.10 84.20
Prune-FSL ResNet]12 12.75 4.70 77.17 88.86
PMF+FA ViT-S 21.67 424 86.79

ECKD ViT-S 23.00 4.50 74.98 88.28
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Table 4 Comparison of the few-shot classification performance between ECKD and the Baseline models

" ‘ ) ‘ R
A ER R EY ZHOIG R
S-way 1-shot S-way 5-shot S-way 10-shot S-way 15-shot
Baseline ViT-S 21.67 4.24 72.17 85.62 88.91 90.11
ECKD ViT-S 23.00 4.50 74.98 88.28 90.97 92.27
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