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Partial domain adversarial adaptation networks for imbalanced small
samples in aeroengine vibration prediction

JI Youchangl, YUAN Weiweil, MAO Shanbinz, REN Chunhongz, GUAN Donghail

(1. College of Computer Science and Technology, Nanjing University of Aeronautics and Astronautics, Nanjing 211106, China;
2. Beijing Power Machinery Institute, Beijing 100074, China)

Abstract: In acroengine vibration prediction, due to the imbalanced small samples of the actual assembly data, directly
establishing an effective prediction model is difficult. Transfer learning can improve model performance in the target do-
main by transferring the knowledge of the source domain. Therefore, this study proposes an aeroengine vibration predic-
tion model based on a partial domain adversarial adaptation network. Each domain is divided into multiple local do-
mains according to labels. Through multiple local domain adversarial adaptation networks, the samples in the target do-
main can be mapped onto the source domain so that the minority class samples can be transferred correctly. The pseudo
label is used to solve the domain transformation of the samples in the target domain, and the classifier of the source do-
main is used to provide a reliable prediction result. In this study, the validity and generalization of the proposed method
are verified on several real datasets. Compared with other methods, the area under the curve and F1 of the vibration pre-
diction model can be improved by approximately 15% on average.

Keywords: imbalanced data; domain adaptation; adversarial learning; vibration prediction; heterogeneous transfer learn-

ing; target domain; few-shot learning; feature space
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EP-2 80.52 59.52 76.92 29.72 88.35
DR 74.08 74.12 73.97 71.18 76.74
SR-2 EP-1 72.62 75.94 46.74 75.28 63.23 82.99
EP-2 73.27 44.49 76.07 60.36 78.05
DR 65.19 71.49 58.90 63.57 74.72
SR-3 EP-1 60.15 77.04 47.14 54.17 58.11 7127
EP-2 64.58 39.29 56.25 55.00 74.44

x4 BHEMFIER
Table 4 F; of different methods %

H bR Tk RF-T CORAL FSR SHDA-RF TCA EVP-PDAA
DR 1.25 30.00 25.86 0 49.96
SR1 EP-1 2475 56.96 18.18 29.44 14.28 50.43
EP-2 1.43 18.18 30.53 0 54.66
DR 25.85 37.11 20.45 0 36.06
SR-2 EP-1 20.00 27.35 19.91 39.16 6.61 60.51
EP-2 38.88 19.00 28.69 1.25 50.23
DR 0 30.35 0 0 30.75
SR-3 EP-1 0 0 0 40.14
EP-2 0 0 39.49

R T IET, CORAL &7 4R 3 1l
AR AUC F1 Fy 88 RE-T #FBEMS A — E 12T,
{AFE R 5, CORAL 4= B T 4%, T i
BEANTE %, Ui CORAL 3z FHPEE 24, i H
b3 B8 2 =) T 2 ST B TR R R AR AR A1 L R
(I REYI 45 F RE-T, LT /™ & (0 1T 8%, 15
X ST BS 2 3] 5 v AR T AN NREA R e kAT
LIRS . EVP-PDAA (1935 91 5 251 ok Hofth 1T

0.57 r
0.37 -

)
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2k 2 U5k, AUC RES X TH 26%, F REWS -
PIET 30%.

ME 4 F1E 5 0T LLE H, EVP-PDAA F1H: At
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T XA, AUC 1 Fy 35 h5 8500 14598 JLF-
A L, HAON s AR RE K F L BIE, 15 B Al
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(a) Wilcoxon £ 55 Pk 1
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Table 5 The performance of RF in source domain %

=27 DR EP-1 EP-2
AUC/ 87.14 99.24 99.19
Fy/ 88.89 92.95 93.84
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SR oy A AR AT A A B, T S A A
RN N i N = 7 s 71| P N B & EZ
#% (artificial neural network, ANN) . Dl -4 43 25 %
(Bayes) . R 35R #f ( decision tree, DT) , i % 1] 14
(logistic regression, LR ) \ RF, 37 [7] & #/L ( support
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