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Research on Hybrid Identification Algorithm for Anomaly Patterns in Gravity

Dam Monitoring Data Based on VMD-SSA-K-means-iForest
LI Tie', LI Han-man®**, WANG Fu-sheng', XU Liang', GUO Rui'

(1. Huaian Water Resources Survey and Design Research Institute Co. , Ltd. , Huatan 223001, China;
2a. State Key Laboratory of Water Disaster Prevention; 2b. Dam Safety Management Center,
Ministry of Water Resources, Nanjing Hydraulic Research Institute, Nanjing 210029, China)

Abstract: Anomaly detection in gravity dam monitoring data is critical for dam safety assessment. To overcome limi-
tations of existing methods in pattern identification and feature extraction, this paper proposes a hybrid anomaly pattern
detection method based on VMD-SSA-KMeans-iForest. By introducing variational mode decomposition (VMD) to opti-
mize the decomposition process, the accuracy and robustness of feature extraction is significantly improved. Further-
more, an anomaly detection framework is established by combining K-means with isolation forest. This method is applied
to the identification of abnormal data of the W gravity dam. The results demonstrate that the proposed method achieves a
2.5% improvement in anomaly detection accuracy while effectively distinguishing between anomalies caused by structural
damage and those resulting from instrument failure, which provides more reliable technical support for the safety assess-
ment of gravity dams.

Key words: gravity dam; singular spectrum analysis; variational mode decomposition; K-means clustering; isolation

forest; anomaly pattern identification
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