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A cross domain adaptive fusion diagnosis method
based on weighted adversarial learning

SHE Bo', QIN Fenqi*, SHI Zhangsong', LIANG Weige', WANG Xuan'
(1.College of Weaponry Engineering, Naval University of Engineering, Wuhan 430033, China;
2.713 Research Institute of China Shipbuilding , Zhengzhou 450015, China)

Abstract: For cross domain diagnosis of the label spaces of source domain and target domain are partially overlapped, that is to
say, both the target domain and the source domain contain the classes that the other does not have, a cross domain adaptive fusion
diagnosis method based on weighted adversarial learning is proposed. As entropy can be used to reflect the characteristics of the
shared known classes and unknown classes, two convolutional neural networks with the same structure are introduced to carry out
entropy-based weighted adversarial training, which is aim to enhance the ability to identify the shared known classes by extracting
the domain-invariant features, as well as the binary cross schemes of the source domain and target domain sample outputs are used
to isolate the unknown classes. In addition, the fully connected layer hidden features of these two convolutional neural networks are
taken as the input of two label transfer models, and the probability outputs of these three diagnostic models are fused by voting rule.
The failure test bench data of mechanical transmission components under variable working conditions and the damage data of self-
priming centrifugal pump are used for analysis and verification, the experimental results show that the proposed cross domain adap-

tive fusion diagnosis method can distinguish the shared known classes and unknown classes in the target domain more accurately.
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Fig.5 Diagnosis accuracies in the cross domain tasks
(A,~Ay) by different methods
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Tab.4 Diagnosis accuracies of different methods on six

cross domain tasks (A,~A,) (Unit: %)

g CNN MCD (;SI’\]A)Q* KASE™ OSDA™ C\Eﬁi
A, 755 770 994 935 8.5 995
A, 750 930 991 940 820  100.0
A, 745 720 893  90.0 8.0 975
A, 750 956 990  80.0 855 995
A, 735 680 883 875 795  97.0
A, 765 805 990 965 8.0  100.0
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Fig. 6 Average diagnosis accuracies of different methods on
cross domain tasks (A,~A,,D,~D,,E~E,,F,~F,)
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Fig.8 Average diagnosis accuracies of different methods on

cross domain tasks (G,~Gy,J,~J;,K,~K,,L,~L;)
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Fig. 10 Self-priming centrifugal pump data acquisition

system
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Fig. 11 Diagnosis accuracies in the cross domain tasks
(S,~S, and T,~T,) by different methods
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Tab.7 Diagnosis accuracies of different methods on eight

cross domain tasks (S,~S,, T,~T,) (Unit: %)

N S~S, T~T,
Ik S, S, S, S, B
CNN 78.3 75.0 750 75.0 75.8  83.7
MCDY 96.1 75.0 71.1 81.7 81.0  73.3

OSDA-EM™ 97,9 87.6 92.1 86.7 91.1 95.5
KASE™ 98.3 92.2 75.0 856 87.8 90.2
OSDA™ 95.0 83.3 75.0 75.0 82.1 75.2

CDAF-WAL 100.0 100.0 100.0 87.8  96.9 99.6
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Fig. 12 Diagnosis accuracies of the known and unknown
classes in the cross domain tasks (S,~S,) by

different methods
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Fig. 13 Average diagnosis accuracies in the cross domain
tasks by different methods
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Tab.8 Average diagnosis accuracies of different methods

on cross domain tasks(Unit: % )

ik F~F, G~G, K~K, S~S, T,~T,

LP1 99.1 96.0 93.9 96.8 98.9

LP2 99.4 98.2 94.4 98.1 99.8
CDA-WAL  99.8 98.5 98.2 95.0 99.6
CDAF-WAL 994 98.1 98.3 96.9 99.6
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Fig. 14 Average diagnosis accuracies of the proposed

method under the change of parameters 4,,4,,4,
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Fig. 15 The confusion matrix in task A, obtained by different methods
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