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Real-Time Crowd Density Monitoring System using Multi-Column
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Abstract

This paper proposed a system calculating crowd density using a Federated Learning-based Multi-column
Convolutional Neural Network(MCNN) model. The proposed system supports real-time data processing and
visualization through the Flask web server and the InfluxDB, ensuring reliable operation in large-scale environments.
The architecture ensures data security while efficiently processing distributed data, and accurately calculates the spatial
kernel density estimation in MCNN model. The kernel density estimation transforms input images into feature maps,
for analyzing crowd density. Evaluation results demonstrate that the Federated Learning-based MCNN model improves
performance by reducing Mean Absolute Error(MAE) by 3.52% and Root Mean Square Error(RMSE) by 4.99%
compared to traditional models.
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