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Fault diagnosis of intake and exhaust systems in aero
piston engine under data generation

Wei Baotao Xu Jinsong Sheng Run Wang Bo

(Faculty of Civil Aviation and Aeronautics, Kunming University of Science and Technology, Kunming 650500, China)

Abstract: To address the issues of scarce fault data for varying blockage levels of intake or exhaust system in aero piston engine, and the
resultant unbalanced sample sizes that lead to poor diagnostic performance and low robustness, this paper defined two experimental
scenarios: fault diagnosis under small-sample conditions and fault diagnosis under class-imbalance conditions. A Transfer-Architecture-
based class-conditional Wasserstein GAN with gradient penalty (TCWGAN-GP) was proposed to generate high-quality multi-source fault
samples of specified categories. The generator of TCWGAN-GP was based on the encoder of Vision Transformer as the backbone network
to fully capture the corresponding relationships among different block data sources. The loss function combines the Wasserstein distance
and the gradient penalty term GP to prevent model collapse and gradient vanishing, thereby enhancing the stability of adversarial
training. The screened and generated samples were merged with the original data for training the diagnostic model to verify the quality of
the samples. Experiments were conducted under two stable operating conditions across the two defined scenarios. The average test
accuracy was improved to varying degrees compared to the original dataset. For example, in the class-imbalanced experiment of the
1 750 r/min_50% throttle dataset, the average test accuracy increased by 55.74% and 59.26% when the training rounds were 30 and
50, respectively. In the ablation experiment, the samples generated by the proposed method were closer to the real samples, achieving
an accuracy rate of 100% in the diagnostic test, Its test accuracy and robustness were superior to other generation methods.
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Fig.2  The overall framework for diagnosing engine intake and exhaust faults
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Table 1 Parameters of the fault diagnosis model

o 4 )2 BRSE B/t ocsics it R
Concatenate — — (BS, 128, 2)
ConvlD 8 1 (BS, 128, 1)
Conv2D 1x5 16 (BS, 1, 128, 16)
Conv2D_1 1x3 16 (BS, 1, 64, 16)
LSTM — 32 (None, 32)
Concatenate_1 — — (None, 704)
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B e R v A, R AU BRECT S sh il il R 48, IF
I DB A S AL i e A M 3 2, A R
AL BB i 1 2

K2 MEBERINNEESH

Table 2 Main parameters of aero piston engine

SRR ZHE
HLAE/mm 83
T2/ mm 92
Hig /L 1.991
JE45 18:1
RIS % /KW 99
I KA/ (romin ™) 2 300
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(b) Exhaust throttle valve
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(a) Intake throttle valve
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(c) Engine bench and measurement system
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Fig.3  Test platform
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Table 3 Details of engine status indicators
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(c) T Uit B K60°
(c) Valve at 60°

(a) 9%t B K0°
(a) Valve at 0°

(b) T K45°
(b) Valve at 45°

(e) ¥ I %90°
(e) Valve at 90°

(d) T RT5
(d) Valve at 75°
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Fig. 4 Throttle valves at various angles
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Table 4 Description of the engine status label
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Table 6 Diagnostic results of small sample fault datasets (%)
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Fig.9 Comparison of the generated samples of each method
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