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Abstract: To address the issues that domain generalization methods relied on data from multiple
source domains for model training, while obtaining multi-operating condition data for chiller units was chal-
lenging, a fault diagnosis method was proposed for chiller units based on multi-scale domain generative net-
work (MSDGN). First, a multi-scale encoder-decoder convolutional neural network was used to extract
multi-scale features from source domain data, and learnable weight parameters were introduced to dynami-
cally adjust the importance of features at each scale to enhance the diversity of the extended domain. Then,
focal loss was applied to strengthen the penalty for semantically inconsistent samples, improving the seman-
tic consistency of the extended domain. A combination of reverse metric learning strategies and a domain
classifier was used to maximize the distribution difference between sources and extended domains, thereby
achieving diversity in the training data. Finally, a domain adversarial strategy was employed to extract
domain-invariant features from both the source and extended domains, and a triplet loss was introduced to
minimize the distribution difference across multiple domains, enabling fault diagnosis for unknown operat-
ing conditions. By generating the extended domain, the model’s fault diagnosis performance was improved
under unknown conditions. The proposed method was experimentally validated using ASHRAE 1043-RP
dataset and a metro dataset from a certain city. The results on ASHRAE 1043-RP dataset demonstrate
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that the proposed method effectively identifies faults even when target operating conditions are unseen,
achieving a maximum diagnosis accuracy of 98.19%. Results on the metro dataset indicate that the pro-

posed method exhibits practical applicability in real-world scenarios. Compared with existing methods, the
proposed approach achieves superior fault diagnosis performance.
Key words: chiller; single domain generalization; fault diagnosis; domain adversarial; metric learning
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Fig.1 Schematic diagram of fault diagnosis principles
for multi-source domain generalization and
single-source domain generalization
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Fig.3 Domain generation network architecture diagram
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Fig.6 Results of ablation experiments
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Fig.7 Schematic diagram of metro chiller system
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Tab.6 Hyperparameter settings for domain

generation network

SHE i PR AL

HRUZ1 | inAl.outy8.kernel #1.2.2 | RelLU

HRUZ2 | inh8.out i 15,kernel §1.2.2 | Rel.U

LRZE 3 [in N 15,0ut Jy 22,kernel y1.2.2| ReLU

gy | BRZ4 |inh 22,0uth 27, kernel 24 1,2.2| RelU

PR | % AUZ 1] in 27, 0ut 22, kernel 5 1.2.2| ReLU

FEFRZ 2|in k22, 0ut N 15,kernel 4 1.2.2| ReL.U

JERZ 3] in N 15,0ut N 8.kernel ¥ 1,2.2 | RelL.U

T THT R A TR TR I 24 RE ff 15 BRAE A9 32 W A%
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Tab.8 Diagnostic experiment results of different

methods on metro dataset %

EF)Z 4| inly8.out H 1.kernel H1.2.2 | RelLU

CNN | DANN | AMINet | SDIGN | MSDGN

fef k| R 1 in k8, out H 4 Rel.U
A | Anit )2 2 inh4,outH 2 Softmax
e )R 1 in 2}y 8.out Hy 4 ReLU

B2 inf4,0uthy 2 Softmax

RT EELHNEBSHEE
Tab.7 Hyperparameter settings for task

diagnostic network

62.31 | 82.11 91.83 51.37 87.67
55.33 | 76.17 83.33 53.88 93.56
62.16 | 77.16 84.33 68.12 79.19
59.31 | 66.83 79.83 55.32 68.66
55.12 | 62.11 65.33 66.36 70.33
58.59 | 76.83 66.16 77.04 85.54

1E5

s

B GIEI G

¥IE 58.81 | 73.54 78.46 62.02 80.83

SRR E BT PR
HBHZET | inb1l,outh16,kernel i 1 RelLU
HRBIZ2 | in b 16,0ut }y 16,kernel y 2 | RelLU
Frirge | MARE 1 size Jy 2 Rel.U
e BRZE3 | ink16,0uth 32, kernel 2| RelLU
HBRIZ4 | inh32,0ut By 32,kernel 2 | RelL.U
ALz 2 size Jy 2 Rel.U
Mgy | RERE)E in Jy 64.out J 16 Rel.U
KWF | ehz2 in 16, 0ut %y 2 Softmax
B ) | R in Jy 64.out J 16 RelL.U
L )R 2 in}y 16,0ut N 2 Softmax
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