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Dam anomaly detection model based on improved Prophet-LSTM-PSO

GE Dalong' , DING Yong', LI Denghua®”’
(1 School of Safety Science and Engineering, Nanjing University of Science and Technology, Nanjing
Jiangsu 210094, China; 2 Nanjing Hydraulic Research Institute, Nanjing Jiangsu 210029, China;
3 Key Laboratory of Reservoir Dam Safety, Nanjing Jiangsu 210024, China)

Abstract; In order to improve the anomaly detection performance of dam monitoring data, a dam
abnormal data detection method based on the improved Prophot-long short term memory-particle swarm
optimization Prophet-LSTM-PSO was proposed. Firstly, by improving the Prophet method, the trend
component features obtained from the decomposition of abnormal data points were clearly visible.
Secondly, the decomposed trend, periodic, and residual components were represented in a three-
dimensional space, where the original time series data was substituted with the mean distance of the
nearest neighbors in this space. Finally, abnormal data points were identified precisely by combining the
LSTM network and PSO algorithm to set and optimize anomaly thresholds. The results show that the
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method proposed in this paper significantly improves detection performance and exhibits high stability

compared with traditional methods. Notably, while maintaining a stable recall rate exceeding 95%, both

accuracy and precision surpass 95% , thereby validating the effectiveness and practicality of the proposed

particle swarm optimization ( PSO) ;

method.
Keywords: Prophet; long short term memory ( LSTM) ;
anomaly data detection; dam monitoring data
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Fig.3 Flowchart of data anomaly detection algorithm based on improved Prophet-LSTM-PSO
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Table 2 Recall rate of comparative experiments under various abnormal addition methods
fERL Sl eS| JRBZE AN
oy I ik Kix Hi D Kid Hig D Kik Wi D
S S S S S S S SH S
LSTM-PSO 0.973 0. 965 0.988 0.944 0. 959 0. 951 0. 965 0. 957 1
DBSCAN 0. 836 0.922 0.954 0.74 0.785 0. 864 0.91 0. 877 0. 896
K-means 0.6 0.558 0.62 0.527 0.512 0.59% 0. 49 0.534 0.473
SVM 0.96 0.96 0.971 0.928 0.928 0.916 0.984 0.95 0.953
GMM 0.786 0.771 0. 871 0.63 0.736 0. 852 0. 856 0.76 0.799
BEHLAR bR 0.916 0. 899 0.923 0.817 0.785 0. 682 0.932 0. 87 0. 942
x3 BEREHFMAX T LI ARE
Table 3 Precision of comparative experiments under various abnormal addition methods
BEHEIETm IS JRBZE AN
Wik | ke [ e [ oow | okl | bR | SR | ki |
S S S S S S S R R
LSTM-PSO 1 0.993 1 0.979 0.974 0.983 0. 998 0. 998 1
DBSCAN 0.99 0. 996 0. 996 0.982 0. 987 0.991 0.993 0.99%4 0.993
K-means 0.978 0.98 0. 986 0.971 0.978 0.99 0.976 0. 981 0. 981
SVM 0.941 0.936 0.932 0.95 0.933 0.916 0. 942 0.934 0.93
GMM 0. 986 0.979 0.989 0.976 0.981 0.982 0. 986 0.989 0.983
BEHLAR bR 0.994 0.987 0. 995 0.981 0. 984 0.991 0. 995 0.992 0.994
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Table 4 Accuracy of comparative experiments under various abnormal addition methods
BEHEIETm PRGIETm JRZE A N
I I Kix i b Kik i b Kik i b
SR SR SR SR SR SR S S R
LSTM-PSO 0. 989 0. 996 1 0.97 0.992 0. 996 1 1 1
DBSCAN 0. 989 0. 964 0. 86 0.936 0. 872 0.712 0.935 0. 989 0. 899
K-means 0.935 0.919 1 0.944 0.88 0. 844 0.942 1 0.924
SVM 0. 425 0.374 0.328 0.541 0.363 0.174 0. 429 0. 365 0.32
GMM 0. 905 0.754 0. 855 0.957 0. 807 0. 564 0. 863 0.959 0.77
FEHLAR AR 0.932 0. 805 0.937 0. 837 0.817 0.775 0.973 0. 894 0.903
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Fig.4 Dumbbell diagram of ablation experiment
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