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Abstract: Early identification of potato late blight is crucial for controlling its development. To fully utilize the inter-band
characteristic information of hyperspectral data and improve the accuracy of models in the early identification of potato late
blight, this study proposes a potato late blight early identification model (BiTCN-SA) based on a Bidirectional Temporal
Convolutional Network (BiTCN) fused with a Self-Attention (SA) mechanism. The BiTCN captures inter-band correlation
features through forward and backward convolution branches, and fully exploits the associations between preceding and
subsequent bands. The self-attention mechanism dynamically assigns importance weights to different bands, enhancing the
contribution of key bands to model classification. The BITCN-SA model integrates self-attention with BiTCN to achieve a
combination of local convolutional features and global attention weights in both directions, realizing dual feature extraction
and improving the model's identification accuracy. This study collects hyperspectral potato leaf data from three stages
(healthy, asymptomatic, and early symptomatic), conducts modeling and analysis. It verifies the superiority of the proposed
model by comparing machine learning methods such as SVM and RF, and deep learning models including CNN, LSTM,
TCN, and BiTCN. The results show that the BiITCN-SA model converges faster than standalone TCN and BiTCN models,
with significantly improved accuracy. It demonstrates stronger feature extraction capability than other machine learning and
deep learning methods, achieving an overall accuracy of 98% and an identification rate of 96% for asymptomatic diseased
leaves. This method fully utilizes deep inter-band information from hyperspectral data, and its identification rate shows
substantial improvement over other machine learning and deep learning methods, providing technical support for early
warning and control of potato late blight.
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Table 1 SVM model results based on three preprocessing methods and the original spectra
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Model Accuracy Precision Recall Fl-score
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SG 88.58 88.02 88.58 88.30
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Table 2 SVM and RF model results based on different feature wavelength selection algorithms after SG processing

A IS HE/% FEA/% A %/% F11553/%

Model Number of wavelengths Accuracy Precision Recall F1-score
Full-RF 203 84.53 86.56 84.53 85.53
Full-SVM 203 88.58 88.02 88.58 88.30
SPA-RF 14 80.59 81.09 80.59 80.83
SPA-SVM 14 87.78 88.50 87.78 87.90
CARS-RF 20 88.00 88.48 88.00 88.25
CARS-SVM 20 92.33 92.30 92.33 92.31
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Table 3 TCN, BiTCN and BiTCN-SA modeling results
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Model Accuracy Precision Recall F1-score
CNN 91.11 91.37 91.11 91.12
LSTM 92.48 92.47 92.49 92.46
TCN 92.67 92.71 92.67 92.67
BiTCN 95.22 95.24 95.22 95.23
BiTCN-SA 98.00 98.00 98.00 97.99
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Fig. 9 Confusion matrices for the identification results of each model
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