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ABSTRACT

This paper applies RF-based data, obtained
through the commonly used Radio Frequency (RF)
approach in human activity recognition (HAR), to
the Vision Transformer (ViT), a state-of-the-art ma-
chine learning method for image classification.
Through this process, we analyze the challenges aris-
ing from applying RF-based data, which have differ-
ent sizes compared to standard image dimensions, to

ViT. To address these challenges, we propose vari-

ous input resizing methods. Furthermore, through a
comparison of these resizing methods, we identify
the most effective resizing approach for RF-based
data, achieving an average accuracy improvement of
9.57%.
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Fig. 1. Example of 2D manipulation of UWB signal and
data.
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Table 1. Average accuracy for each method

Methods Average accuracy
Simple resizing 52.20%
Square patching 14.28%

Rectangular patching 43.55%
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