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Abstract

Video anomaly detection has emerged as a prominent deep learning research field due to its extensive applications in security,
safety, and quality control. However, existing deep learning-based anomaly detection methods face fundamental limitations, heavy
reliance on training data and limited explainability of detection results. To overcome these challenges, we propose a rule-based
zero-shot video anomaly detection framework that integrates object detection and semantic segmentation. Our approach defines
explicit rules based on object-background relationships and accurately interprets scene structure using pre-trained vision models.
This enables effective anomaly detection in new environments without domain-specific training. Through experiments on the
Shanghaitech and NWPU Campus datasets, we demonstrate that our method achieves superior performance to existing approaches
without additional training.
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Fig. 1. Representative semi-supervised anomaly detection framework using reconstruction
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I 1. NWPU Campus k&, Shanghaitech 7} 0|4 ZX| AlS
Table 1. Anomaly detection results on Shanghaitech dataset with model
trained on NWPU Campus

Method Acc Recall  Precision F1 Score
MNAD w/o memory 50.00 59.78 40.59 48.35
MNAD 52.92 60.20 58.99 59.59
Ours 72.76 7411 60.68 61.23

F 2. Shanghaitech S5, NWPU Campus Z7} 0|4 ZX| Als
Table 2. Anomaly detection results on NWPU Campus dataset with
model trained on Shanghaitech

Method Acc Recall Precision F1 Score
MNAD w/o memory 53.15 71.90 46.48 56.46
MNAD 57.90 70.87 60.44 65.24
Ours 66.51 78.45 63.07 68.32
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