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Application of Temporal Convolutional Network with Soft-Threshold
Adaptive Module in Fault Diagnosis of Chiller Sensor
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Abstract: In order to improve the capacity to identify the faults of air-cooled chiller sensor, an
encoder-decoder reconstruction model based on temporal convolutional network (TCN) with a
soft-threshold adaptive module (ST-TCN) is proposed, and an ST-TCN-based method for sensor
fault diagnosis is established. In this method, TCN is used to fully explore the temporal correla-
tion of the chiller sensors, the data correlation among the physical quantities, and the dynamic re-
sponse characteristics of the physical quantities. In addition, a soft-threshold adaptive module is
introduced into the residual module of TCN to eliminate redundant information and reduce noise
interference. Relying on the advantage of the “end-to-end” network structure of the ST-TCN
model, the fault sensor is directly located by comparing the absolute reconstruction error vector
with the fault threshold vector. According to datasets collected from an actual air-cooled chiller
platform, it is verified that the soft-threshold adaptive module will effectively improve the recon-

struction performance of the network, thus facilitating diagnosis performance of faulty sensors.
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Taking the compressor suction temperature sensor T1 as an example, compared with other fault

diagnosis methods, ST-TCN improves the average fault identification accuracy by 45. 9%. It

shows that the latest framework proposed in this paper yields higher fault identification accuracy.

Keywords: temporal convolutional network; encoder-decoder; soft thresholding; air-cooled chil-

ler; fault detection and diagnosis
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Fig. 1 Schematic diagram of the thermodynamic coupling

relationship of the compression chiller
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Table 1 Description corresponding to the chiller sensors
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Fig. 4 Flow chart of chiller sensors fault diagnosis
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Fig. 5 Experimental platform of Compression chiller
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Table 2 Simulation of temperature sensors deviation fault

il B 1L A% i 22 5 i F/°C BR/C
T1, T5, T6, T7 ~ —1.2~—0.3, 0.3~1.2 0.3
T2, T3, T4 —2.2~—1.0, 1.0~2.2 0.4

%3 BEAERBENRRAZE R E KL
Table 3 Simulation of pressure sensors deviation fault
JE 1A% s i 22 W B 15 [l / MPa # & /MPa
P1, P4 —0.080~—0.035, 0.035~0.080 0.015

P2, P3 —0.10~—0.07, 0.07~0.10 0.010
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Fig. 7 Fault recognition rate distribution of chiller sensors
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Fig. 9 Reconstructed residuals of ED-TCN and ST-TCN

on training set and test set
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Table 5 MSE of T1 and P4
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Table 6 Small deviation fault recognition rate of T1 and P4
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Table 7 Comparison of fault recognition rates of T1
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Table 8 Comparison of fault recognition rates of P4
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