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Abstract; Analyzing on-campus behavioral patterns and activity routines of university students is essen-
tial for enhancing meticulous management in universities, ensuring campus security, and promoting
student psychological well-being. The widespread deployment of integrated security systems based on
video surveillance in universities has generated large-scale student trajectory data with spatio-temporal
tags, offering new opportunities for behavioral modeling. However, extracting high-quality trajecto-
ries from unstructured video streams and achieving cross-scene, long-term behavior prediction and a-
nomaly perception remain challenging. To address these issues, this paper proposes a campus behav-
ior prediction framework (CBPF), which comprises four modules: structured trajectory generation,
spatio-temporal semantic embedding, spatio-temporal prediction foundation model (STPFM), and
joint prediction-anomaly optimization. The STPFM leverages a spatio-temporal attention(STA) mech-
anism to adaptively model students’ transition patterns across multiple regions and their temporal pe-

riodicities. Experiments were conducted on a dataset of over 79 843 trajectories from 681 students at a
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university over 30 days to comparatively analyze the evaluation metrics of different models in behavior-

al trend prediction and anomaly perception. Results demonstrate that within the unified framework,

STPFM reduces mean absolute error (MAE) by 14. 2% in behavioral trend prediction compared to

baseline models such as long short-term memory (LSTM), and improves the anomaly detection F-

score by 10. 3%. These findings validate the effectiveness of the proposed model in capturing long-

term behavioral regularities and identifying potential risks.

Key words: student behavior analysis; spatio-temporal prediction foundation model(STPFM) ; comput-

er vision; anomaly detection
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