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Fault diagnosis of chillers based on consistency loss
generative adversarial network
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Abstract: A chiller is a critical component of heating, ventilation, and air conditioning (HVAC) systems. Faults in chillers can lead to
energy waste and even safety incidents. Therefore, fault diagnosis for chillers is essential for HVAC systems. Data-driven fault diagnosis
methods rely on large amounts of historical data, but labeled fault data is often difficult to collect, resulting in reduced diagnostic
accuracy of models. To address this issue, this paper proposes a fault diagnosis method based on a consistency loss generative adversarial
network (CLGAN). First, CLGAN is trained with a small number of labeled samples and a large amount of unlabeled data to generate
realistic fault samples. Next, a balanced dataset containing multiple fault categories is constructed by combining both generated and
historical data. Finally, a fault classifier is trained on this balanced dataset to perform real-time fault diagnosis. By introducing a
consistency loss function into the discriminator, CLGAN effectively leverages unlabeled data, increasing data utilization. Meanwhile, the
generator is guided at multiple scales to meet the discriminator’s requirements, enabling the model to produce high-quality samples even
under various disturbances and thus enhancing diagnostic accuracy and robustness. Experimental results on the ASHRAE and HY-31C
datasets demonstrate that, with only five labeled samples per class, CLGAN achieves fault diagnosis accuracies of 92. 8% and 95.9% ,
respectively, illustrating its excellent performance. Moreover, in noise and cross-condition experiments, CLGAN shows superior
robustness and generalization compared with other methods.
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Fig. 1  Autoencoder-based residual feature extraction method
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Fig.2 Diagram of multi-scale consistency loss
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Table 1 Experiment setting on ASHRAE dataset
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A% TR
1 5 100
2 5 200
3 5 400
4 5 800
5 5 1 200
6 5 1 600
7 10 100
8 10 200
9 10 400
10 10 800
11 10 1 200
12 10 1 600

ARSI A Y BB I2 WA R S 8N 3R 2 BT A 4
CLGAN FYAE S A 55 B 2 5 A 2 A B 2 B0 L & CNN
BT AN SR 3 Ny, Hef, FC(full connected
layer) fAERA AL )Z LR 37717 ik e 4 M Ui I3 TG o 4K
(leaky rectified linear unit, LeakyReLU) , Tanh 37~ X
EYIETE PREL, Concat Ze/R FFAEPHEEERVE , FH T8 4 Ak
BOU4ERE | C( convolutional layer) F2 /R % FHZ , AvgP (average
pooling layer) F/n-F-ElfL )2, || RRAFAAEFDIFATIY
R E TSR R AR ACREE , 25 A B A TR A R
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Table 2 Parameter setting for fault diagnosis on chiller
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Fig. 12 Fault diagnosis accuracy with different numbers
of unlabeled samples (HY-31C dataset)
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Table 6 Fault diagnosis comparative experiments

(HY-31C dataset)
WS W B A R 2

o ARERAL =5  AREHA%K=10
CNN 0. 659 0.719
SMOTE 0.830 0. 869
WGAN-GP 0.871 0.924
EDN-WGAN-GP 0. 896 0.932
CLGAN-v0 0.937 0.952
CLGAN 0.959 0.975
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