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Defect Diagnostics of Gas Turbine Engine with Altitude
Variation Using SVM and Artificial Neural Network

Sangmyeong Lee* : Wonjun Choi* + Taeseong Roh** - Dongwhan Choi**

ABSTRACT

In this study, Support Vector Machine(SVM) and Artificial Neural Network(ANN) are used for
developing the defect diagnostic algorithm of the aircraft turbo-shaft engine. Effect of altitude variation
on the Defect Diagnostics algorithm has been included and evaluated. Separate Learning
Algorithm(SLA) suggested with ANN to learn the performance data selectively after classifying the

position of defects by SVM improves the classification speed and accuracy.
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2|5 (SLA: Separate Leaming Algorithm)
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Fig. 2 Structure of ANN model
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Table 1 Input data and output data for training

Input Data Output Data
Deteriorated
. . Pm/Pt‘z’ ];3/];2’ . . -
Training isentropic efficiency
sets T/To (Health Monitoring
(Sensed Parameter) P
arameter)

Table 2 Extraction of Testing set and classification
rate of Multi-Class SVM

Defect | Testing | Classification
Altitude | input for set rate for
testing | number testing
-1.5%,
Compressor | 1600ft, 18"0 290 sets 100%
. -1.8%,
Comprssor | 3200ft 9
P _|21%, 7290 sets|  100%
Turbine 939
Power 14400ft, 9.6% -
X 16000ft P 1290 sets 100%
Turbine 9.99
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