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Abstract: To address the issues of data annotation scarcity under small-sample conditions and domain
shift in cross-domain applications in fault diagnosis, a domain adaptation strategy integrating contrastive
learning was proposed. First, a hierarchical feature alignment mechanism was adopted to jointly optimize
domain-level adversarial adaptation and class-level contrastive learning. This mechanism balanced the
transfer of domain-invariant features and the preservation of class discriminability, thereby improving the
fault classification accuracy in the target domain. Second. a one-dimensional domain-shared convolutional
neural network(CNN) was constructed to extract the common features of data from the source domain and
target domain. By combining the unsupervised domain discriminative loss with a gradient reversal layer to
optimize domain-level adaptation, the transferability of domain-invariant characteristics was enhanced. Fi-
nally, an unsupervised contrastive loss function was designed to optimize class-specific information. This
function constrains the intra-class compactness and inter-class separability in the feature space, enabling
class-level alignment under limited samples and effectively suppressing misidentification of class boundar-
ies. The cross-condition unsupervised experimental results on both the constructed planetary gearbox test
rig dataset and the public bearing dataset show that the diagnostic accuracy generally exceeds 95% in mul-
tiple cross-condition transfer tasks. Compared with several unsupervised domain adaptation methods, the
proposed method achieves a significant performance improvement, validating its effectiveness and superior-
ity in small-sample unsupervised cross-condition fault diagnosis.
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Tab.1 Network structure design of feature extractor
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Tab.2 Planetary gearbox tooth number parameters
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Tab.3 Planetary gear bearing parameters
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Tab.4 Dataset under different working conditions

G/ T8 B/ R | BOE AR | WA
A 1140 r/min 1024 7
11 R 54 B 1260 r/min 1024 7
C 1380 r/min 1024 7
A 0kW 1024 10
CWRUSIE B 0.7355 kW 1024 10
C 1.471 kW 1024 10
D 3.6775 kW 1024 10

N T ARV A [ AR P 45 4y K T3 1k o) 155 1Y 2 W
RE 4 52 1) L — 2B IP Al UCT LN 7 i B 12 W7 4% 55
SRS R A I T SR A A = E S AT EY TR
(unsupervised
UCNN) . Jc 5B X 2 2 9 2% (unsupervised con-
trastive learning network, UCLN) | J& Wi B 35 % Bt
M %% (unsupervised domain-adversarial network,
UDAN™) | fx K ¥ {8 22 5% (maximum mean dis-
crepancy s MMD'"™") | 4 3¢ %} 5% (correlation align-
ment. CORAL™) Fl [ & N T A 3 % (Ad-
aMatch™™"") , £ 155 R 45 #4 UL B N 2 5 R .

% L& B /N A L Xof A5 1Y 0 52 0 X e A it
SRR 1) 540 SR ) TG 78 1 10 3 ) B AL R AR A A
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convolutional neural network,
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Tab.5 Explanation of comparative model structures
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Tab.6 Diagnostic accuracy rate of the test set for

transfer learning between different working conditions

of planetary gearboxes

T A—=>B|A—>C|B>A|B~>C|C>A|C—>DB

UCNN | 88.54|82.64|87.63|83.59|75.23 | 83.51

UCLN ]95.96]85.97 [91.10]96.03 | 78.80 | 81.22

Sy DAN [ 96.05|84.28 90.52 | 88.57 | 75.97 | 82.74
T MMD |89.26|78.51|80.09 | 86.41|74.47 | 82.20

06 CORAL |92.87|69.94 | 81.89|81.45|69.02 | 80.99

AdaMatch | 92.98| 77.18 | 85.40 | 93.37 | 76.05 | 88.67

UCTLN |97.54]93.90 | 91.11|97.92| 87.89 | 89.14
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Fig.8 The t-SNE visualization of the training set for

planetary gearboxes
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Tab.7 Diagnostic accuracy rate of the test set for

transfer learning between different working conditions
of CWRU

T4 A—>B|A—>C|A—>D|B—~>A|B—~>C|B—~>D

UCNN |95.82(90.46 | 78.33]92.79(99.99 | 90.73
UCLN [99.46 |98.12|83.82|99.86 | 100 |89.98
S DAN 96.10 | 90.54 | 80.96 | 93.84 | 100 |92.39
HEH MMD | 98.51|88.60|81.27 | 98.53| 100 |88.58
/% CORAL |99.05|88.33]79.90|98.79]99.99 | 86.48
AdaMatch| 91.7790.52 | 80.88 | 92.96 | 100 |83.61
UCTLN [99.78| 100 |84.80|99.98| 100 |99.69
TH C—>A|C—>B|C—>D|D—A|D—>B|D—=>C

UCNN | 88.48|96.25|94.42|77.38 |81.01|91.92

UCLN ]98.72199.96 | 99.62 | 83.83 | 84.44 1 99.61

Sy DAN | 88.97]98.36]99.11 | 81.54 | 83.01|97.05

THE Ay MMD | 93.81|98.31|97.84 | 78.79|79.34|95.49

/% CORAL |90.41]97.99|99.28 | 78.76 | 80.13 | 92.31

AdaMatch| 88.99 | 98.94 | 95.96 | 78.99 | 80.04 | 95.36

UCTLN [99.68|99.98 | 99.94 | 84.23 | 96.28 | 99.90
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