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Digital twin-driven fault diagnosis method for centrifugal compressors
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Abstract: As a critical piece of equipment in oil and gas stations, the operating condition of centrifugal compressors directly affects the
stability and safety of the production system. To address the issues of poor generalization and limited physical interpretability in
compressor fault diagnosis models—caused by complex operating conditions and insufficient fault data—this paper proposes a digital
twin-driven fault diagnosis method for centrifugal compressors. First, a digital twin framework for centrifugal compressors is constructed ,
comprising the stages of data acquisition, mapping, fusion and optimization, and model-driven analysis, enabling the storage and
integration of operational information within the digital twin entity. Second, variational mode decomposition ( VMD) is employed to
decompose time-series signals into intrinsic mode functions with limited bandwidth, thereby mapping compressor status features to
thermodynamic state variables. Finally, a physics-informed extended long short-term memory network ( PX-LSTM) fault diagnosis model
is developed, which embeds key physical features from the compressor’ s operational process into the extended long short-term memory
network (xLSTM) structure for joint modeling. This design guides the model to learn historical fault features while adhering to the
underlying thermodynamic behavior of the system. Experimental results demonstrate that the proposed model outperforms mainstream
approaches across multiple operating conditions and fault types, validating its feasibility and effectiveness in oil and gas digital twin
systems.
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Fig.2 Centrifugal compressor system model
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term memory network , BILSTM ) & R Jg #1218 & 15
T (convolutional neural network-long short-term memory
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Table 2 Fault diagnosis accuracy of different models

By Accuracy T R RS RN e ANt Mg I
Precision 0.980 4 0.9355 0.9355 0.919 4 0.964 9
SVM 0.945 6 Recall 0.9259 0.966 7 0.966 7 0.950 0 0.916 7
F1 0.952 4 0.950 8 0.950 8 0.934 4 0.940 2
Precision 0.877 2 0.948 3 0.880 0 0.763 9 0.964 9
SVR 0.881 0 Recall 0.9259 0.916 7 0.7333 0.916 7 0.916 7
F1 0.900 9 0.932 2 0. 800 0 0.8333 0.940 2
Precision 0.980 8 0.966 7 0.967 2 0.951 6 0.983 1
BPNN. 0.969 4 Recall 0.944 4 0. 966 7 0.983 3 0.983 3 0. 966 7
F1 0.962 3 0.966 7 0.975 2 0.967 2 0.974 8
Precision 0.9123 0.963 6 0.950 8 0.936 5 1.000 0
DANN 0.952 4 Recall 0.963 0 0.8833 0.966 7 0.983 3 0.966 7
F1 0.936 9 0.9217 0.958 7 0.959 3 0.983 1
Precision 0.963 0 0.983 1 0.950 8 0.936 5 0.9825
BiLSTM 0. 9626 Recall 0.963 0 0.966 7 0.966 7 0.983 3 0.9333
F1 0.963 0 0.974 8 0.958 7 0.959 3 0.957 3
Precision 0.980 8 0.967 2 0. 966 7 0.951 6 0.983 1
xLSTM 0.969 4 Recall 0.944 4 0.983 3 0.966 7 0.983 3 0.966 7
F1 0.962 3 0.9752 0.966 7 0.967 2 0.974 8
Precision 0.963 0 0.983 3 0.967 2 0.967 2 0.982 8
CNN-LSTM 0.972 8 Recall 0.963 0 0.983 3 0.983 3 0.983 3 0.950 0
F1 0.963 0 0.983 3 0.9752 0.9752 0. 966 1
Precision 0.980 8 0.967 2 0.983 3 0.967 7 0.983 1
PX-LSTM 0.976 2 Recall 0.944 4 0.983 3 0.983 3 1.000 0 0.966 7
F1 0.962 3 0.975 2 0.983 3 0.983 6 0.974 8
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Fig.5 Confusion matrix of fault diagnosis classification results of different models
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Fig. 6 Comparison of evaluation indicators of different model results
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BPNN . DANN , BiLSTM , xLSTM , CNN-LSTM ) 7£ A~ 6] L. % Table 3 Fault diagnosis accuracy of different
BHEE T RRM, A BRI AR 58— BRI 1Ak RN 3T models under dataset 1

’fﬁ */% W HE ’/ﬁ‘ ] é}ﬁ 54 s P ’ﬁi 18 *i‘ £ 5 Precision N ] Precision Recall F1
Recall Fl Fl-score, LA 4 T 2 WA 45 B 7E 73 FEMERA M SVM 0.964 9 0.916 7 0.940 2
[lHE ) S i A PR RE Ty T B 2B, IR 25 R an 3¢ 3 4 i SVR 0.763 9 0.916 7 0.833 3
SEER AR LA AR G bl g 2% > J7 AR I T 4R BPNN. 0.951 6 0.983 3 0.967 2
D B R MERE T R BH B, X LU 7R SVM 55 BiLSTM 1Y DANN 0.913 8 0.9815 0.946 4
PERE T IR L T 8. 5% ; 1M1 PX-LSTM iU T F% 1. 2%, BiLSTM 0.951 6 0.983 3 0.967 2
JEBLH RAFIEZ ALPERE, H PX-LSTM 7E M- Edi 4R 119 <LSTM 0.983 1 0.966 7 0.974 8
Precision . Recall Fil F1-score 3 M35 #5119 7% BLHER B M AL = CNN-LSTM 0.962 3 0.944 4 0.953 3
H M, 560 ik T HAE 250 R 4R L 2 Wit 55 v i PX-LSTM 0.982 8 0,950 0 0.966 1
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Table 4 Fault diagnosis accuracy of different

models under dataset 2

LAY Precision Recall Fl
SVM 0.9355 0. 966 7 0.950 8
SVR 0.877 2 0.9259 0.900 9
BPNN. 0.909 1 0.9259 0.917 4
DANN 0.942 3 0.907 4 0.924 5
BiLSTM 0.962 3 0.944 4 0.9533
xLSTM 0.982 8 0.950 0 0. 966 1
CNN-LSTM 0.967 2 0.983 3 0.975 2
PX-LSTM 0.980 8 0.944 4 0.962 3
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