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Fault Warning of Engine Fan Outlet Guide Blades Based on Deep-SVDD

SHI Haotian, CAIJing, CHENG Chong
(College of Civil Aviation, Nanjing University of Aeronautics &. Astronautics, Nanjing 211106, China)

Abstract:Fan blades are ones of the core components of the gas path of a high bypass ratio turbofan engine,
and fan outlet guide vane detachment is a severe failure mode. This failure could potentially damage the
aircraft or other engine components, leading to catastrophic accidents. Therefore, early warning of fan outlet
guide vane detachment has become an important task. However, due to the subtle early features of this type
of failure, existing methods struggle to effectively warn against it. Therefore, to address this issue, a failure
warning method based on deep feature extraction and support vector data description (SVDD) is proposed
using monitoring data, aiming to achieve early warning of fan outlet guide vane detachment. First, a modeling
method based on engine gas path performance identification is used to establish an observation model of
specific engine performance parameters for deep feature extraction. The difference between the real state
quantity and the model observation quantity is used as the feature of whether the aero engine has a failure.
Second, the SVDD algorithm is used to establish a decision boundary, realizing the automatic division of
failure data. The threshold generated by the decision boundary can provide an alarm within a certain time
before the failure occurs. Finally, after multiple calculations, the results show that in the interval from the
early stage of the failure to the occurrence of the failure, the performance parameters characterizing its health

status have a large deviation from the observation quantity, indicating the effectiveness of the selected
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features. The failure simulation data generated using data augmentation methods are compared and verified

with real data. Compared with the actual time of the failure, the warning model realizes the warning of the

failure on average 3.14 h in advance.

Key words: fault warning; fan outlet guide vane detachment; system identification modeling; neural

networks; health index
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Fig.1 Schematic diagram of a turbofan engine with external

channels
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Z A 86.2 83.6 1000
TR A% 99.6 98.5 1000
LR 86.1 80.0 1000
RBF # 97.9 95.3 1000
X it T A% 92.3 89.1 1 000
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Table 4 Performance comparison of seven algorithms

BVE AR FPR/% AUC PE T T 1] /min
DAE-IF 30.3 0.794+1.77 358.0
SR-CNN 12.73 0.84840.38 85.8
DAGMM 4.24 0.84940.22 156.0
LSTM-ED 18.18 0.89140.69 15.4
COCA 7.89 0.9240.43 108.9
CPC-AD 34.54 0.7740.87 127.5
DSVDD 2.4 0.887+0.13 188.75
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