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Abstract: To address the insufficient generalization capability of individual profiling methods
in gas user anomaly detection, this paper proposes a gas consumption anomaly detection
model based on group user profiling. Firstly, a multi-dimensional feature system comprising
statistical, distributional and behavioral features is constructed from gas metering time-se-
ries data. Then, after validating feature correlations through KMO test and Bartlett spheri-
cal examinations, principal component analysis is applied for feature space dimensionality re-
duction. Finally, a gas consumption anomaly detection model based on group user portraits
is constructed by K-Means integrating clustering and random forest algorithms, with a dy-
namic threshold decision mechanism possessing time-series adaptive characteristics. Empiri-

cal analysis shows that after five-fold cross-validation, the model has achieved an accuracy
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rate of 86. 67 % for existing users, with a misjudgment rate for new users kept below 9. 8%5. Com-

pared with traditional individual detection methods, robustness has been significantly improved.

Key Words: group user profiling; principal component analysis; clustering; random forest;

anomaly threshold analysis
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