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Abstract

In this study, we propose a data augmentation method utilizing a generative adversarial network (GAN)-based deep learning model
to enhance machine learning classification accuracy, even with a limited amount of measured data. Static clutter and noise were removed
from the radar signal data, and feature data representing human signals were extracted. Subsequently, a GAN-based deep learning model
was employed to augment the human signal data by generating additional training samples that closely resemble the actual measured
data. Using this augmented dataset, various machine-learning models were applied to classify scenarios with zero to three individuals.
Finally, the classification performances before and after data augmentation were compared and analyzed to validate the effectiveness
of the proposed method.
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Fig. 1. Measurement environment.
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Model Accuracy Comparison before Data Augmentation
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Fig. 7. Bar graph comparing the accuracy of 5 classifica-
tion models before data augmentation.
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Model Accuracy Comparison after Data Augmentation
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Fig. 9. Bar graph comparing the accuracy of 5 classifica-
tion models after data augmentation.
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Fig. 10. Confusion matrix representing the classification re-
sults of the XGBoost after data augmentation.
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Table 3. Accuracy of classification model before and after
augmentation.

(Unit: %)

Model | LogR | SVM | KNN | RF | XGB

Before Acc. 32 47 67 65 70

After Acc. 50 65 65 83 85
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