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Defect Diagnostics of Gas Turbine with Altitude
Variation Using Hybrid SVM-Artificial Neural Network

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

ABSTRACT

In this study, Hybrid Separate Learning Algorithm(SLA) consisting of Support Vector
Machine(SVM) and Artificial Neural Network(ANN) has been used for developing the defect
diagnostic algorithm of the aircraft turbo-shaft engine in the off-design range considering altitude
variation. Although the number of learning data and test data highly increases more than 6 times
compared with those required for the design condition, the proposed defect diagnostics of gas turbine

engine using SLA was verified to give the high defect classification accuracy in the off-design range
considering altitude variation.
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Fig. 3 Turbo-Shaft Engine Model using GSP Program
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Table 2. Extraction of testing set and classification
rate of Multi—-Class SVM

Defect | Testing | Classification
Altitude | input for set
testing | number

rate for
testing

Compressor| 1600ft, | -1.5%, [290 sets 100%

-1.8%

Compressor 3200ft o
P! . B 21%, ~ 1290 sets 100%

Turbine -9.3%,
Power |14400ft| _9go, 290 set 100%
o sets o

Turbine 16000ft| -9.9%
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Table 3. Testing time of SVM with altitude variation

Compressor| [itB. | Tarbme
1600ft 1.344 1.359 1.375
3200ft 1.344 1.438 1.406
48001t 1.328 1313 1344
6400ft 1.391 1.406 1.359
8000ft 1.328 1.359 1.297
9600ft 1.328 1.281 1.359
11200ft 1.328 1.297 1.375
12800ft 1.375 1.328 1.375
14400t 1.281 1.313 1.344
16000ft 1.328 1.343 1.313

*unit: sec(s)
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Table 4. Input data and output data for training

Input Data Output Data
P/ P, T3/ T, .
Training t?’/ n Ta/ T Deteriorated
17: 7}7/7_28 s : .
sets isentropic efficiency
(Sensed Parameter)

svMe g EHd ZdelHy FES MLPE
o]-g-3ta} sty on, sl o T
Agrg o) gdte] AFFS FFH R A5
Z Stk Fig. 4%} Fig. 5, Fig. 6, Fig. 72 Huj
L83 % 160002 1008 =8 Ue A F,
GSP AgzZzadfiox A& 3200ft, 6400ft,
9600ft, 12800ftoll A1} Z} AW LA4vwith oo
ZA3}o] wWE 29702 &8 ©lo]El e} MLPOA o
Z3 F& dolegte] RMS Aduf 2A4-E Eq
92 AAtslA A eAh"EE FAT Aol
Table 5= AE 2E T2l RMS Ath
LAES A Aot

RMS Relative error rate [‘7] = 9

Z ( Nreal = Neal

i=1 Nreal

x 100% /N

%

Q=71 4800ft A wh HH 0.269%° LAHE
A3, BE-HEe 1600t 4 w FHo S
0.233%2] A#S 7M. GF7]-EHe A
ol AdHoR g Q4AEHY B2
% e, 1600ft & W 0.564%<} 717
g 7P ¢ dF A E HAFY
AE 04% o9 HEZE 45Ut

2L
=

o
i

B

le oY

,

2

Real Defect

0.96
‘ Calculated Defect

0.94

0.92

o
©

0.88
0.86
0.84
0.82

Com p.Turbine

Compressor

Power Turbine

o
®

L) LAARI (ARA3 N4 LARRE LARRE LRRES LARAS LAARI LAAR) LARRI LASA

0.78
0.76

Deteriorated Efficiency

-3200f1t -

0.74
0.72

07 N
) 29 58
Test Data Number (Each 29 data) / 32001t

87

Fig. 4 Result of MLP for defect diagnostic of each
part at 3200ft



48 olay - zlgE SHEY S8 B2 FRZ 55K
0.96 = " .
. —o Reaipeteat Table 5. Absolute error rate of defect diagnostic for
oszf each part with altitude variation
09 F
b =
£ ossf Absolute error rate[%]
'S o086 F
5 £ — Comp. Power
W osaf Y Compressor . .
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8°7°F 3200ft 0.249% 0.453% 0.084%
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Test Data Number (Each 29 data) / 6400ft
96001t 0.163% 0.397% 0.118%
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0.94 = Calculated Defect
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Table 6. Comparison of learing and testing set number
for MLP at sea level and off-design condition

Learning Testin
set number set number
Sea Level
Condition 34x3 sets 30%3 sets
Off-Design
(Altitude 110x3 sets 290x3 sets
Variation)
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Table 7. Comparison of Absolute error rate for each
part at sea level and off-design condition

Comparison of
Absolute error rate[%]
Comp. Power
Compressor Turbine Turbine
Sea Level 0 0 9
Condition | 0-18%% 0.116% 0.130%
Off-Design| 0.196% 0.342% 0.149%
(Al_tm"de Average of all altitude range for
Variation) absolute error rate
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Table 8. Defect relative error rate of defect diagnostic
for each part according to altitude variation

Defect relative error rate[%]
T Comp. Power
Compressor ) .
Turbine Turbine
1600ft 5.658% 10.677% 6.868%
3200ft 5.924% 8.899% 0.937%
4800ft 4316% 7.859% 3.286%
6400ft 5.452% 8.516% 7.389%
80001t 5.848% 8.847% 4.466%
9600ft 3.745% 9.015% 2.064%
112001t 4.223% 7.632% 3.971%
12800ft 4172% 5.791% 5.999%
14400ft 4.616% 4.259% 8.286%
16000ft 3.891% 2.267% 3.695%
Average | 4.78% 7.38% 4.70%
.48 B
B d7dAye 3718 HE & A9 1%
Wl mE A @d 2 g TIHA
ot 7€ AR se ¢ndEY £F A84E
Fol7] 98l sVvM# MLPE dAE, 28 3
& ¢YFELA)S AHEIAT A ZA ZH
7b obd @A4A F90lAM, E8&=E vl vt

4 028 uARE LTI & skA Hul
A9 AF AdE 3gdk. A 8§ I
(16000f)3 10709 =& Yol Zt 1w
AulolHE gFatgon, A2 7 asd A
€ &Y. 244 A9 el o)t A
Aoz &2 &g P H2E volH4E 713
Az EF73n A AA dd ZARL &
A% & AMEE RAFQY. 7 12 ©E
AFH o)E 9 MLPolA A& && A3} o]
Heole] Hy A Ad A& dEUE
4.78%, 4=7)-81NL 738%, 53 HWL 4.70%
2 1% H3vke 13 g4 94994 2
A% AZ AFAEE 7S FAsAT

I\

7|

o

B dae AnE 297 ZeMEAirde o
goz AY P9 d79 d¥oH, d7E A
AHFN AAANLE 2 FFFF+FATA

ZA=HYT

Znes

Osowski, Krzysztof Siwek,
“MLP and SVM
Networks - a Comparative Study”,
Proceedings of the 6th Nordic Signal
Processing Symposium - NORSIG 2004, 2004
2. 833, 53, g4, olF3, “Support
Vector Machine# U3273%E& o] &3 7}
¥ A7 A Ao #F 477, @
TFF83 %,  A0A A%, 2006
pp-102-109
3. Sellers,].F & Daniele, CJ, "DYNGEN - A
Program for Calculating Steady-state and

1. Stanislaw

Tomasz Markiewicz,

Transient Performance of Turbo jet and
Turbo fan engine", NASA TN D-7901, 1975

4. K. Schittkowski, “QL: A Fortran Code for
Convex Quadratic Programming - User’s
Guide, Version 2.1”, University of Bayreuth ,
2004

5. Donald L. Simon, Takahisa Kobayashi, "A
Hybrid Neural Network-Genetic Algorithm
Technique for Aircraft Engine Performance
Diagnostics", NASA/TM-2001-211088, 2001

6. Christopher J.C. Burges, “A Tutorial on
Support Vector Machines for Pattern
Recognition”, Kluwer Academic Publishers,
Boston, pp.1-433

7. B84, o13&, “HolH mlolde AT BA
St Edy BP ¢nEEFS 2T dojr
=y A%, ¥XHE/Ne8-883, A94E
A2%, 2002, pp.1-16

8. A71A, 8RS, “Support Vector Machine-&
g% EREA, dssn EALH °
g AAF =8/, 2003



