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A Deep Conjoint and Adversarial Domain Calibration Method for Bearing
Fault Diagnosis

WANG Xiaorui, HAO Runfang , YANG Kun, YUAN Zhongyun, SANG Shengbo
(College of Electronic Information and Optical Engineering, Taiyuan University of Technology, Taiyuan 030024, China)

Abstract: In order to guarantee simultaneous alignment of global domains and local classes, facilitating feature representation dis-
crimination by decision boundaries, a deep conjoint and adversarial domain calibration (DCADC) method for cross-load fault diag-
nosis tasks is proposed. First, the one-dimensional bearing vibration signals are processed into two-dimensional grayscale images to
be more applicable for model generalization. Second, a double convolution structure is proposed, which enhances the model's ability
of learning domain-invariant information. Third, a conjoint calibration strategy is implemented so that the model captures local fine-
grained subdomain information while matching global domain. Finally, a mechanism for penalizing feature representations is incor-
porated to make it easier for decision boundaries to distinguish samples. In three transfer scenario experiments, the proposed
DCADC method achieves an average diagnostic accuracy of 99.80%, 100%, and 99.72%, respectively, showing the improvements
of 4.80%, 0.86%, and 2.16% over the current state-of-the-art domain adaptation method. The experimental results illustrate that
DCADC method exhibits good accuracy and robustness in complex working environments.
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Fig. 1 The structure of domain adversarial neural network
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Fig. 2 Confusion of categories (a) and offset of subdomain centers (b)
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Fig. 3 Implementation framework of conjoint domain calibration strategy and feature penalty mechanism
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P30 75 4% K 2% (Case Western Reserve University ,
CWRU ) il 7K 4z 3l 5 6 75 5 35 5% 3y 1797
1772 1750 11 730 r/min B A 12 kHz R A 3 i
A e | b ik i) 5 A N e B 43 S0k B2 25 0 11,2

3 HP . Al R A IEH (NS) | R i p
(IF) & sh &k i B (BF ) A1 Ak Bl s (OF ) g F
MR . R i E AR N T R, I T RLAR 4 B
4 0.177 8,0.355 6 #1 0.533 4 mm , # f& 4R 25 A5
B3 (AN 2 3 BT 7 o MILAR I B8 99 By 12 R Bl 23 19
Hs DL 97.6 kHz RFERIAE A T 5 T I
R PR S ECHE , IEHORAS (NS) $dl 19 L 7 3%
1 122.469 9 kg, N Bl (TF ) %540 9 HE HIL 171 2%
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S35k 0.22.6796.45.359 2. 68.0389 ., 90.718 5,
113.398 1 1 136.077 7 kg , 41 Bl il [ (OF ) %k 452 114
M HL 7 2 0 W) o 11.3398 ., 22.679 6, 45.359 2,
68.0389.,90.718 5., 113.398 1 1 136.077 7 kg, ik
BREIR A FAR 25 25 A W 3R 4 TR .

SR E T M ER T R, B R
FIEAF R A AEE O . B PR % S A
T IRE AR BCR R 500 A, Hod L F ISR G R AR
A 4004, A F ML i FEAR AT 100 4>,

R3I PNER P AR IER LA e tT
Table 3 Categories and labels of Case Western Reserve

University dataset

A4 HURBE TR P2 AR B R A o iT 2
Table 4 Categories and labels of Machinery Failure Preven-

tion Technology dataset

URRE Pr% 14/kg
NS 0 122.469 9
IF 1 0,22.6796,45.359 2, 68.0389,90.718 5,
113.398 1,136.077 7
OF 2 11.3398,22.6796,45.359 2,68.038 9,

90.718 5,113.398 1, 136.077 7

RS FRFARTayEHES

Table 5 Transfer tasks between different load conditions

RN [BEAEKEY) o ?%ﬁﬁ(ﬁf’)/
mm H (remin 1)
NS 0
IF1 0.177 8 1
1IF2 0.3556 2
IF3 0.5334 3
BF1 0.177 8 4 0/1797, 1/1772,
BF2 0.3556 5 2/1750, 3/1730
BF3 0.5334 6
OF1 0.177 8 7
OF2 0.3556 8
OF3 0.5334 9

5 — P A B b s A LT G i R 2 el R S e
H10HP .1 HP Ml 2 HP fazk Z (B W iE % , it 6
A EFAT S5 A 10 FPAS A (R BB 2 AL . 36 5 45
TIERAT 5 1 BAIR (S B .

5 R A B b o LT G i R 2 R S
PN A1 PBAS [R) % 1 22 A 14 5 %, 3831 6 A iR AT
55 BREEZS [ h T AR SE L, W3R 6 TR .

55 =R b S S AU R B R T 43
R B B 3 22 BE RS K AR RS L R 6 N iE
AT 55 AR as (8] 3B BRI, e 7 i

(% A7 (HP)/ HbRE SR (HP)/
5 (remin 1) 3k (remin 1)
NS, IF,BF,OF NS, IF,BF,OF

T1 0/1797 1/1772

T2 0/1797 2/1750

T3 1/1772 0/1797

T4 1/1772 2/1750

TS 2/1750 0/1797

T6 2/1750 1/1772

3.2 AEHREHEREXTEE

ARYWHRETFTIBS—MgE — TRINK
DCADC 77 ¥ 5 3UA 1 5 i 8068 I 5 35 76 &% A
I RAT 55 h HE AT 12 Wi vfE 0 2 00 e A, B LR
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1) Baseline : = JZ CNN 5 & ity #55 &1 | 7 5 5,
b &R b 1| 2 S S e R B S s B A U

2) DANN 28 B A 23 A OGN 45, FREAE
PR A5 ) 2 AH R 58 ST RS AT 55 5

3) DDC™ 3% T 1 78 W A e Z2 AU (1) 455 7Y
HEIE 42 T MMD SR 80/NREAE 2Z 1] 9 22 57

4) DeepCORAL ™+ % J5 ¥k 38 1o AH oL S
5t IR Y B X 5 R R H A a3 A B g
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5) CDAN' " A5 7 Fi] FH 5 A 43 A 1 1500 43
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Table 6 Transfer tasks with inner and outer race at different speeds

% W 3K 1 2% (HP) /%34 (romin 1) FIbIsl 535 51 4% (HP) /%3 (remin ™)
NS IF OF NS IF OF
T7 0/1797 1/1772 2/1750
T8 0/1797 2/1750 1/1772
T9 0/1797 1/1772 3/1730
0/1797 0/1797 0/1797

T10 0/1797 3/1730 1/1772
T11 0/1797 2/1750 3/1730
T12 0/1797 3/1730 2/1750
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Table 7 Transfer tasks with increasing load gap
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o) ol O
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Table 8 Performance comparison among different methods on scenario 1
i TR ; ,
ik T1/% T2/% T3/% T4/ % T5/% T6/% R
Baseline 76.4 54.7 84.5 82.8 68.2 58.6 70.9
DANN 73.7 57.4 73.9 77.1 69.2 69.9 70.2
DDC 80.2 67.8 75.3 82.8 70.6 74.7 75.2
DeepCORAL 89.1 70.4 81.5 90.0 74.7 68.6 79.1
CDAN 91.3 81.4 94.1 97.8 85.0 72.9 87.1
DSAN 92.6 79.9 95.8 97.2 88.3 84.5 89.7
TSDA 95.4 92.8 97.4 99.3 90.1 95.2 95.0
DCADC 100 100 99.6 100 99.1 100 99.8

3.2.2 #HYFTFeyEHETL

9T T R —Fh Oy I AE 3 5 P i HE
R, DANN Gt Z R AE %55 09 F B, B I #1 Base-
line —FEPERE R BUAH AT . BEEH W 22 A K,
DDC 1 DeepCORAL H 56 7 4 /iy W {5 B, , To ik
YE B X 20 Sl FCIR 2%, CDAN X T 7 3045 Bl 27
WA, M Z T, BT H 69 DCADC 77 ik
T BT $2 0 T 325 A T X AN R 5% A P 47 P
F, BURE T4 T B A RO, ST IR R ) AN
] H AR i B AT 55 o
3.2.3 ZHYF = FeyEmETI

RIOFNETH-FFETESE =PH
TP B BB 25 B R K, R — O T v
)RR Bz R B 5 SRR AR X SR B 1Y

D5 2 T B Y IR JE A8/ . DCADC J5 i 75
Y 5 = AT S AT BE AR RF 9996 LA L 1 12 W i
3%, E B T DCADC J5 ¥ H & 5 K 19 7 1F 32
HURE 1 RN R0 R AE X 55 O %
3.3 HRERSCIE

g T Sy A= S G R RS E NS
BOAE T R o AR o 2 SR B R e, AR 3 T AT
BYs— & THA MmN T B20E
71N TH Rl S 56 11 45 S 91 i LA 4R #T .
3.3.1 BEBRAILH 0

SCHR [ 35 178 A& B 214 4 3 2 )2 B i) st A, ©
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Table 9 Performance comparison among different methods on scenario 2
, W% \

ik T7/% T8/ % T/ % T10/% T11/% T12/% A
Baseline 82.14 88.43 81.86 88.14 82.57 83.86 84.50
DANN 81.43 80.00 80.43 79.71 85.14 83.57 81.71
DDC 90.57 88.86 88.57 83.14 88.43 84.29 87.31
DeepCORAL 89.57 98.29 87.86 98.14 96.57 91.71 93.69
CDAN 94.43 95.57 95.86 97.57 97.29 96.85 96.26
DSAN 96.29 96.57 97.85 99.29 98.86 97.57 97.74
TSDA 98.43 99.14 99.86 99.86 99.43 98.14 99.14

DCADC 100 100 100 100 100 100 100
R10 FRFHFAEIHBGT = PRI
Table 10 Performance comparison among different methods on scenario 3
ik e Tt/ %
T13/% T14/% T15/% T16/% T17/% T18/%

Baseline 83.67 75.33 69.33 64.67 61.67 63.33 69.67
DANN 86.33 82.00 77.67 79.33 65.67 62.33 75.56
DDC 93.67 90.33 89.67 84.67 88.00 86.33 88.78
DeepCORAL 95.00 92.67 91.67 89.33 90.67 88.67 91.34
CDAN 97.33 95.67 94.33 92.67 94.67 95.00 94.95
DSAN 99.33 95.67 98.33 97.00 94.00 95.67 96.67
TSDA 99.67 98.33 98.33 96.67 96.33 96.00 97.56
DCADC 100 100 99.67 99.67 99.33 99.67 99.72

Ve FbRIR, 52 TUAE S5 Rl ZRoe BE AR I 20,
FERFIEAR IR A Hh e BEA 0%, AT 5 s

A B AT RO I 3 11 S AL 254, i (AR 3R
DRSRRAE o A, 20 AR BARSRRAE o0 A o B

B RSHOE A Z B, & BUZ 2 2] B i 0N
AR AR M AE R [, A 22 5 R K
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= BirE o
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Fig. 5 The distribution probability between source and target domains increases as the proportion of convolution parameters decreases
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Table 11 Influence of convolution parameter ratio on accuracy
HEAISE BIRSEILHI/ % HERR/ %
WARTREE + 1FC 2 99.64 100
LIRS+ 1~ FC 2 99.31 99.8
MAEREER-+21FCJZ 91.32 99.8
KT+ 24 FCJZ 84.03 99.6
AT+ 24 FCJZ 72.46 99.2

AR TR R R . R 12 0T IR, 2 AF
1B A B 73 S R de g, R Lo 7545 /1N 2R
ZHEEEEN, X450 WrE4 56 m &
PETRAE) TIERT o 254 5 16 N A9 R — TUAT: 55 1fE
R ZEAR R AR FZM A BT Ly RHET
AR HR, Lo BITERR R TR — K09 T

WA T ARAL, B A 6 IR R S T
S, A 4 BB HER R T A 3. B4,
Lysp 1035 X6 F 2 155 2 ) 22 18] () v DX PR A 4 22
YERT, 2500 5 0P S HERf 08 T 2000 1, 554 1
- M 3 T AR 2

R 1245 R4 5.6 178 TS,
o FH © 43 A7 Bl AL 21 35k A (¢-SNE ) #E 47 #E A 2%
S RRE AR S5 TR AR, An B 6 TR o AT AT — 3B
G345 R bR BRI Bk R R 25 T URE A (TR VR B T
B R AL . 7R 6 (d) AT Ch) B RE AR 2 531 A
FEA S, 2 0 5 3R R AT DL B b X 4 T
B—J5 i H A A 7 Bb o A AR ST, TE
TR DCADC Jy ik B 0 e

K12 RERHTEHRG YA

Table 12 Influence of loss functions on accuracy
Z 5/E R4k pR AL ERf %
lF e T/ %
Ly Lo Luysp T1/% T2/% T3/% T4/ % T5/% T6/%

1 N/ 98.6 99.4 89.8 90.3 80.3 77.8 89.4
2 N/ 67.1 56.7 76.4 85.6 58.5 51.3 65.9
3 N/ 78.3 61.9 77.8 88.6 65.3 82.3 75.7
4 N/ N/ 80.6 70.3 79.8 93.9 77.3 88.7 81.8
5 N/ N/ 99.1 89.7 92.4 99.8 98.2 99.9 96.5
6 N v 98.7 87.6 97.1 91.3 82.4 89.5 91.1
7 N N/ N 100 100 99.6 100 99.1 100 99.8
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Fig. 6 Visualization of category-wise and domain-wise samples under different loss functions
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Fig. 7 Confusion matrices based on T7 tasks
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Fig. 8 Evaluation of robustness based on T7 task
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