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Skeleton-based video anomaly detection
with memory enhancement and diffusion model

ZHANG Qi, LI Yuan, ZHOU Yanzhao, JIAO Jianbin
(School of Electronic, Electrical and Communication Engineering , University of Chinese Academy of Sciences ,

Beijing 100049, China)

Abstract Video anomaly detection (VAD) is a technique aimed at identifying abnormal events
within videos and has significant applications in public safety and video content understanding.
Traditional VAD methods primarily rely on extracting pixel features from either the entire video
frame or specific regions. To reduce the impact of unstructured noise, VAD methods based on
human skeletal data have garnered considerable attention. However, in open-set scenarios, these
methods face two major challenges: erroneous reconstruction of abnormal behaviors and insufficient

generalization to diverse normal behaviors. To address these issues, this paper proposes a skeleton-
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based video anomaly detection framework with memory enhancement and diffusion model (MEDM-

SVAD). This framework incorporates a memory enhancement module to expand the model’ s

memory capacity for normal samples, preventing abnormal behaviors from being misclassified due to

minimal reconstruction error.

Additionally,

the diffusion model significantly improves the

framework " s ability to generalize to out-of-domain normal behaviors. Experimental results on three
public datasets, HR-STC, HR-Avenue, and HR-UBnormal, show that the proposed method MEDM-
SVAD achieves AUC scores of 78. 5%, 90. 1%, and 69. 7%, respectively, demonstrating various

levels of performance improvement over the current state-of-the-art MoCoDAD algorithm, thus

verifying its effectiveness and superiority across multiple scenarios.

Keywords video anomaly detection; skeleton-based features; diffusion model; memory enhancement
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Table 1  Performance comparison on the HR-STC, HR-Avenue, and HR-UBnormal datasets

%

K HR-STC HR-Avenue HR-UBnormal
R-A R P F R-A R P F R-A R P F
MPED-RNN 72.7 60.7 74.7 69.2 86.3 73.3 89.4 81.9 61.2 49.3 64.1 55.3
MT-Prediction 77.0 — — — 88.3 — — — — — — —
Normal Graph 76.5 — — — 87.3 — — — — — — —
BiPOCO 74.9 68.3 76.8 70.9 87.0 76.3 88.3 84.1 52.3 43.7 56.1 50.3
COSKAD 77.1 71.3 79.3 73.2 87.8 79.2 90.5 86.3 65.5 S51.4 67.1 62.9
MoCoDAD 77.6 70.8 78.2 76.4 89.0 78.1 91.6 85.1 68.4 59.3 70.2 64.1
MEDM-SVAD 78.5 74.1 83.7 772 90.1 85.2 92.8 87.3 69.7 63.7 72.3 67.1
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Table 3 Ablation study of the diffusion model %
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