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Abstract

[Objective] To address the low efficiency and high subjectivity of manual inspection for uniformity
in vacuum-packed corn, this study proposes an automated detection method based on machine vi-
sion. [Methods] Images of vacuum-packed corn were first captured, preprocessed to extract color,
texture, and spatial distribution features, then subjected to feature selection using the Bayesian Op-
timization (BO)-based XGBoost algorithm to establish a uniformity prediction model. Finally, the
SHAP method was applied to analyze the nonlinear effects of key features. [Results] Experiments
demonstrate that the Bayesian-optimized XGBoost model achieves an R? of 0.864 and an RMSE of 3.2
on the test set, significantly outperforming traditional methods. Compared to the original XGBoost, RF
Random Forest, SVM Support Vector Machine, and LASSO Least Absolute Shrinkage and Selection
Operator models, it exhibits varying degrees of accuracy improvement. Key feature analysis re-
vealed that GLCM texture entropy, L-channel interquartile range, mean chromaticity difference, hue
standard deviation, and dissimilarity are primary factors influencing uniformity. [Conclusion] The
proposed method enables accurate and rapid detection of uniformity in vacuum-packed corn, provid-
ing technical support for automated quality grading of vacuum-packed corn.
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Figure 1. Corn sample diagram
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Table 1. Sensory index scoring table for vacuum-packed corn
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Figure 2. Bayesian optimization flowchart
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Figure 3. Overall framework diagram
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Figure 5. Feature importance ranking chart
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Figure 6. Model prediction results fitting plot
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