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Abstract

This paper aims to explore the application effect and performance of support vector machine (SVM)
in chessboard data classification, especially in the situation classification of chess and go. Through
experiments on SVM models with different parameter settings, the accuracy and generalization
ability of linear kernel, polynomial kernel and radial basis function (RBF) kernel SVM in processing
high-dimensional and complex chess data are analyzed in this study. In this paper, the classification
performance of multiple SVM models on chessboard data is compared, and the optimal model is
selected through cross-validation and meticulous parameter tuning process. The experimental
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results show that the SVM model, especially the model with RBF kernel, shows significant perfor-
mance advantages in chessboard data classification tasks, including high accuracy and good gener-
alization ability. In addition, the experiment also reveals the importance of feature selection and
model parameter tuning in improving classification performance.
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Figure 1. SVM classification diagram of two-dimensional data under linearly separable conditions
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Figure 2. Simulation results of linear kernel
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Figure 3. Simulation results of polynomial kernel
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Figure 4. RBF kernel simulation results
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Figure 7. Polynomial kernel ROC curve
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Figure 8. RBF kernel ROC curve
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