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Abstract: There is an intrinsic relationship between human behavior and the morphology of architectural
space. Currently, pedestrian behavior prediction in architectural spaces primarily relies on movement
simulation models, yet this approach is time-consuming and struggles to capture the complexity of
real-world behavior. This study explores a pedestrian behavior prediction method based on image deep
learning and validates its effectiveness using a case study of mall atrium spaces. First, intelligent
behavior sensing technology was employed to collect on-site crowd behavior data in the mall atrium
space, followed by visual analysis of the crowd distribution through image recognition technology. Next,
the crowd density heatmaps and mall floor plans were preprocessed and paired to construct a deep
learning dataset. Finally, the model was trained using Generative Adversarial Networks (GANs), and
pedestrian flow heatmaps were predicted within a short time frame using image generation technology.
This method demonstrates the effectiveness of deep learning in addressing the highly complex

phenomenon of pedestrian behavior, providing decision-making support for spatial behavior simulation

and optimization during the early stages of architectural design.
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Keywords: Behavioral computation; Deep learning; People flow prediction; Image recognition;; Mall
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