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Comparison of Loss Function for Multi-Class Classification
of Collision Events in Imbalanced Black-Box Video Data
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Abstract Data imbalance is a common issue encountered in classification problems, stemming from a
significant disparity in the number of samples between classes within the dataset. Such data imbalance
typically leads to problems in classification models, including overfitting, underfitting, and misinterpretation
of performance metrics. Methods to address this issue include resampling, augmentation, regularization
techniques, and adjustment of loss functions. In this paper, we focus on loss function adjustment,
particularly comparing the performance of various configurations of loss functions (Cross Entropy,
Balanced Cross Entropy, two settings of Focal Loss: @ = 1 and ¢ = Balanced, Asymmetric Loss) on
Multi-Class black-box video data with imbalance issues. The comparison is conducted using the 13D, and
R3D_18 models.
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