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ABSTRACT

In this paper, we propose a deep learning model to predict the optimal beam for wireless communication
systems by utilizing both camera image data and GPS data, enabling efficient beamforming. Existing work has
proposed single-modal beam prediction models that utilize camera image data and GPS data individually.
However, these models have limitations in that they are sensitive to measurement environments and outliers.
To overcome the limitations, we propose a new model that combines and utilizes the two types of data based
on a derivative model of Transformer called Vision Transformer. Experimental results show that the proposed
model exhibits higher performance in terms of Top-1, 2, 3 accuracy for both 32-beam and 64-beam scenarios
compared to the existing model. Particularly, the Top-3 accuracy of the proposed model showed nearly 100%

accuracy in both scenarios.
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Table 2. Performance comparison between the existing
model and the proposed model for predicting 32 beams

T Top-1 Top-2 Top-3
7% =dl 0.8653 0.9710 0.9903
Aok =l 0.8841 0.9894 0.9964
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Table 3. Performance comparison between the existing
model and the proposed model for predicting 64 beams
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T Top-1 Top-2 Top-3
71%& el 0.7647 0.9376 0.9850
Aot wel 0.7750 0.9438 0.9903
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