(RS

Journal of Refrigeration

B RS :0253-4339(XXXX)XX-0001-09
doi: 10.12465/issn.0253-4339.20250614001

s -2 Y = S M F ok . =3
Xt iR R S IR Bh RO Ek 5 ZE == A B TR iR
Y \A 2] Y :
BiENiZ Wi &
skER' 3 BREF K F°
(1 R AFE DRSS EETHEAEFEFR i 430074; 2 bR AE GEESZHHITREFER X 430074)
OB ST RS SRS B AR RERE AN O e e & TS B e H B AR SO X M s LB A T HRRAE 0 AR 22 7K K
i A 2 (14 [ AL, 4 HH — b 3 T IR B 28 R 26 (DANN) [ JC W 3 7 2 S B 12 Wi ik o FE 2 IR G0 4o PR 45 T8 iR
ZEYR 8 KR GU S5 IR AN v 750 T 3 el BRI e R 3 b R R 2 A Y O A R FE R TR TR R AR AUIR T AT RS S T
E , B 2 WA 23K 97. 309%~98. 90% , I A i BEIS Wi HE R R 0 77. 80%~86. 70%. fii ] UMAP FELk MR 4k 1 5 SHAP 2 7Y v]
fARREE T HARSE T I R I8 Wiks B I T Bl 82 Woks B B9 TR )2 BB, DANN 5 HoAth 2 Rl RS 24 ST AR LY, Uk sl i B 3%
INTFX AR FERRAE 230 25 BRI FS 2 ST 2 WA T 45 w0, 12 Wiy 205 s iR AN 1% , 76 T & BB 4 i B S T g = 12
KEER MRS RIS W iR 2 P 2 I 445
& 43S U270.383;TP183;TP306". 3 RkFRINAD : A

Domain-Adversarial Transfer Learning-Driven Adaptive Diagnosis Method for
Cross-Condition Multi-Faults in Subway Train Air Conditioning Systems

Zhang Tongle' Yang Chuang® Chen Huanxin® Zhang Xue’

(1. China-EU Institute for Clean and Renewable Energy, Huazhong University of Science and Technology, Wuhan,
430074, China; 2. School of Energy and Power Engineering, Huazhong University of Science and Technology,
Wuhan, 430074, China)

Abstract Efficient fault diagnosis of metro air-conditioning systems is essential for reducing energy consumption and ensuring passenger
comfort. This paper proposes an unsupervised transfer learning method based on a domain-adversarial neural network (DANN) to
address the challenges involving diverse feature distributions and complex faults. Data obtained from three single faults (condenser
fouling, ventilation fouling, and refrigerant leakage) and their concurrent combinations are collected from a multifunctional test vehicle
under various operating conditions and compressor frequencies. The DANN achieved accuracy values ranging from 97. 30%-98. 90% for
single faults and 77. 80% — 86. 70% for concurrent faults. Uniform Manifold Approximation and Projection (UMAP) and SHapley
Additive exPlanations (SHAP) analyses revealed the underlying reasons for the less accurate concurrent fault diagnosis. Compared with
the two baseline transfer learning models, DANN exhibited markedly smaller performance fluctuations, maintaining high accuracy even
under large feature distribution shifts and overlapping concurrent fault features.

Keywords subway air conditioning; fault diagnosis; transfer learning; domain-adversarial neural network

Mo kA AE AR LR BE (EFIE SO AR R A R BERE  RIE I B T RRENE e S T R S
ey FE MA@ )T 202348 s E N T EE F N A R RS W T 12
IR RS L RERE A 249. TTAC KW - h, Hirp K2 5 g Han H. 2544 3 ¢ 0] S #L (support vector machine,
FEIEZ 770%™ o X THIAR G, AW RGLMRERE S SYM) MIZAREH ARG & B2 W7 iy FH T
FUwik 469 4725 i R G R AU, AL 272 AR SRV ARILERL , o ol & 5 it T v 5 e JUE 3% 9% BE 4 /K
HWRERMIA, E S SR EMARESEE TR, OSSR TS W RS S A T

F4TH R H AR E A (51876070) WEBII H o (The project was Wk F11:2025-06—14; & 8] [ 151:2025-09-04 5 5 1 F1 181 :2025-09-12
supported by the National Natural Science Foundation of China (No.

51876070). )



BEDILARAR 1 1 v 300 80 B BRI W T v L A5 S R e
8 B R AR O 8 07 12 SRR A2 IR A AR A SVML A
AP 2. 9%, Sun Shaobo 55 FH 3L F it 57 1% 4343
T T BP Pt 25 0 265 (14 50 02 W g ik, A 722 TV 5 O 2
DRGSR IZ EER A . XK
SETIRL T BT A B 2 I 2% R ResNet 1 2.0 %%
JK WL R 12 W S A HG bl o ik 2 A A Ak
ResNet_21 #5574 K32 Wi 1F 1728 35 99. 40%. Yan Ke
S P AR ) Wasserstain A2 BT P94, SEFE T )1
GRS GO0 1Y 2 PAR SR A o Jiang Minhui
AR BLAT T il BV ¥ XGBoost-SHAP J5 35 , 76
PRI G W RGBS Wb, R T BB 12 b
AR A B 12 WIS A e 1 7 DURR

WAk A as AT, 25 Ve B g 23 Bl & I i 0 AR
AT 3, 51 A R4 AILAT 3 2 A5 R, 1T s v
L ) S R AR 0 A O R TR PR
T B 2 S S (A [ 5 AN [R) SRR
S CNEEE-S Sy RIS AR E €/ TR S X (1R i1}
EEREBE. TBFIRRB SN ML S 15
N FH BN [ AE A S 087 A 55 v, 48 FHRT A 55 19
O HOR S ERENY . Ol N AR S W RS £ AR i
7564 AW 58 4 1 5 T 0 W B A 2~ AR 9l
BRI T 5 1%, IR 3 B UL R S 21 G Y O &
B, 38 IE AR AN W) T 0 R 48 LR R 1992 K
RO

1 RIS W 77iE

A B JRE 7 He T O BT AT RS 2 2 B BE A2 KT 7
L A 4312 W Dy v T A 300 TR 22 1 4% (domain-
adversarial neural network , DANN) A F f& 7R Jy v 4 AR
FARE) i L AE R
L. 1 33 e 42 ) 2%

ST AR 1 2 3 A el 2 AN R 55 22 ) Y A
530 26 5, T SE AR RS (9 7 k4 . DANN
) BRI ZE R Gn & 1 7, B AR IS G, (- 56,)
HBE 5P 2558 G+ 5.0, FITTIR S 128 G, (- 50, Ha .
ISR, K P v i e B b 2 500l 5 B AR e 2
Bdim ANRESR IS 2 AL HS | PR 8GR T
SRR Ay AN T B 4 A bR 25 I ik
L i

v 5 1 IR R 2R AN R L, S 1) % % SR
FRAESE IR AR h 523 AR OGS4, 55 2 TR U A ) 2
% Ly, T i 0 S P el 2 2% . I o A
T8 3 e R R AIE B I 2 5 0,00 107 11 4 48 ) 4 4
I, (A dge /M ST A Sl i 1 S 8800, % I 1) 31 4t

J— 2 J—

bRy

[ ——
WA RERG (5 0)

LS
42

%

FHIES RS

L5 6) Wibissd

1 DANN =B 2514
Fig.1 DANN model structure
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Tab.1 Settings of DANN fault diagnosis model
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Fig.2 Fault diagnosis method based on DANN model
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Tab.2 System sensor parameters
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Fig.3 Subway train air conditioning system structure
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Tab.3 Experimental operating conditions

F SR/ C FURGREE/C PR IR /%
RV 33 25 70
T2 33 28 70
TBL3 35 25 70
T4 35 28 70

BT g A v, K 22 S0 = B A A ML AL
FEZE BN 8 A0 4 AL, 5 55 s b 2k 51 28 28 IR AL
AR S AR AL A DA A, SRy B4 M A48 S B
FEE ML TAERAS X 4 AL 47 T 3h 00 ol A5 3 56
5 a5 R AR HILIA T 455 40.50.55 .60 Hz,

X bR S T 00 M R i MR A A AT 45 28k
Wi B R 1, SR AR AR N A i e Bl o AR AR R
A (1) 2o A v L B0 SO i 5 AE Y TR RRIE RIS R
T SR ) 5 (8L, A SCIl 2o Y 43467 B 5 (591
BRid, TR (R 55 — DA 80 (Q,) BB = U 437 X
(Q,) K 1443 #5 (IQR=Q,-Q,) , B 5E Q,—1. 5XIQR Al
Qs+1. 5XIQR Ay 1E 5 B4 v 1B 300 3 8 3% 1 1)
FEASE ]y S (BT A o B RIS &
AR, G R AT 43 2R B 5 25 4y, ik
55 T OL AR AR PR 53 HE 2 000 2555040
2.3 FIRIFAETRIE

TR 42 AR A0 5 46 S B, 25 ELEG A

4

A SHENE N IES i AR T2, 2 S 2
B AR BE S R o XA 2 ol 1 DR MR A A i LA
LAt 8 20, SRR K, W2 S 28—
LT i B2 W R SO K S B8O I 2R RCR
W AE I ZRI2 Wikt B 2 i), 5 2R F 6 1 YRR AIE 2 5
Ty, Xy AR RL Y R AR R AT A4 L 2 2R

ABIF T R FH L T 528 S UE 9 188 U5 4 AR TH BR vk
(recursive feature elimination and cross validation, RFECV)
X HE AT R AL O 8 o DA BB AIL AR AR SRV O SRl A5
RY ) FHBE AL AR AR B B R AE B PR HR A, a3
T3 SO R FEAT E M I 8 20 S e A1 o
fiE A BRI HEY o AR5 B TP AR IE
Nt/ INREAE 10 R 3 e fE S 0T R PN AS R B8R 7Y
FRIE T2, BE X B A RAE - BT BRI 25, 0%
A& SR DAER AN PEAG R AR T S AR BG4y, e 4%
A& SCH I V- Y5 4 I e 0 R AR T AR AR Ol IR AR RAE
Heo

T T BRI 5 T A ) 5 40 AR A 0 A AN T
Xt W #5543 B RFECY 7 ik b A T4 AE S e .
4(a) TR, BAHGBE SR (14 B CEARRIE 80 A 43 1, AR AL
TIFEAS AR s D B D . i 4(b) AT
HRFERCR S 16 2 b 795 5, H R T Bk
0. 77, & £ A8 A0 Hh AR IS P B50HE 14 8% 1A R AR
g3 BRI P 16 2 B AR R t [ 4 () AT, JF &
A 1 B PR R A I Sl 23 4, O 40k B BRAR 1)
MEFEAERIOR o AP AE 07 e 45 SR 42 BRRRAE J e oy vy 2
TRHES, I 4 PR



K IR A, A SOV B8 > K Bl 1 Mk 1) 4 s e T 00 22 O A & 2 W g T

0.6 D 1.0 i
AR I e 08k
i 04 B 0.6
z | i
= 02 &= 04
‘la H I | B}R 02 1 : 1 1 1 ]
0 10 20 30 40 0 10 20 30 40 50
PRI FFHEA =
(a) BT IR R (b) BAMREEA AR A5 o B4 T
« 04 . 1.0
2 0.3 Fyalibinll m #H 08
}.H
;4:%, 0.2 I _}HE_H 0.6
X 0.1 ﬂ04
‘K’< | i 02 1 1 1 1 | 1 1
0 10 20 30 40 0 4 8 12 16 20 24 26
FHEA = TR =

(0) FFAR Ik i EERFAE S (d) FHARMEARIRHIER R B
B 4 BEE S R SR E 5 4

Fig.4 Feature screening and importance analysis for single and concurrent faults
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Fig.5 Confusion matrix heatmaps for single fault diagnosis accuracy
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Fig.6 Confusion matrix heatmaps for concurrent fault diagnosis accuracy
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Fig.8 Swarm plots for fault feature analysis
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