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Abstract

This study proposes a traffic volume prediction model utilizing various deep learning algorithms and
aims to demonstrate the superiority of deep learning through a performance comparison with traditional
prediction models. As a result, the LSTM (Long Short-Term Memory) model exhibited the highest
predictive performance, showing that it can achieve more refined predictions than existing statistical
methods. Deep learning models have the advantage of effectively analyzing traffic volume data, and recent
technologies such as Spatio-Temporal Neural Networks have shown promise in traffic volume prediction.
While traditional statistical methods were unable to adequately account for the nonlinearity and complexity
of traffic data, deep learning techniques effectively addressed these challenges, thereby improving prediction
accuracy. This study provides foundational data for traffic management and urban planning, indicating the
need for future research that incorporates external factors (e.g., weather, events, etc.). Such research is
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expected to facilitate the integration of deep learning-based traffic volume prediction models into real-time

traffic management systems, efficiently regulating traffic flow and reducing congestion. In conclusion, this

study demonstrates the potential of deep learning technologies in the field of traffic volume prediction and
emphasizes the necessity for continuous improvement in predictive performance through the integration of

diverse algorithms and data sources.
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