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Abstract

To achieve rapid, objective, and nondestructive discrimination of different frying states of Basa fish
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(Pangasius bocourti), this study proposes an intelligent identification method based on hyperspec-
tral imaging technology. A classification framework for frying states was established, in which the
frying process was divided into four categories: raw, half-cooked, fully cooked, and overcooked.
Spatial-spectral three-dimensional data of samples at different frying stages were acquired using a
hyperspectral camera. The raw data were subjected to black-white calibration and fixed spatial
cropping to construct a standardized hyperspectral dataset. In terms of feature modeling, a classi-
fication model named CsTsrpModel was developed. Relative positional encoding was introduced
to enhance the model’s perception of spatial-spectral positional information, and a sparse atten-
tion mechanism was incorporated to optimize the attention computation process, thereby im-
proving the model’s ability to focus on critical features. The results demonstrate that the CsTsrp-
Model achieved the best performance in frying state recognition, with accuracy, precision, recall,
and F1-score reaching 94.83%, 94.94%, 94.83%, and 94.79%, respectively. These findings validate
the feasibility and effectiveness of integrating hyperspectral imaging and deep learning for frying
state identification of basa fish.
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Figure 1. Overall framework for frying state perception of Basa fish
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Figure 2. Schematic diagram of the 3D convolutional neural network architecture
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Figure 3. Schematic diagram of the improved transformer network architecture
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Figure 4. Reflectance spectral curves under different frying states
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Table 2. Performance comparison of different models for frying state classification based on HSI data
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Figure 5. Confusion matrices of different models for frying state classification
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