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ABSTRACT

Various diagnostic models for combustion instability based on statistical techniques and machine learning using measured or
monitored data are being developed to suppress instabilities in power generation gas turbines. In this paper, we proposed a
combustion state diagnosis model using an auto-encoder, one of machine learning approaches. This model has been trained
using two main input components; magnitude and waveform pattern of time series dynamic pressure which is measured from
a real-scale single nozzle gas turbine combustor. As a result of training, the model could successfully classify the pre-processed
input data into stable, transition, and unstable states onto the feature map of the latent space. Especially, in contrast with
existing combustion instability monitoring tools based on statistical techniques, the current auto-encoder model provided accurate

combustion state diagnosis performance for stable and transition states of dynamic pressure.
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Fig. 2 Schematic of swirl-stabilized type single nozzle
gas turbine combustor with installation location of

dynamic pressure sensor

222 Y OIO|E 2| SAH &M

22 e chef A 150 70) olalel Al
e BRI
o 3142 2o 7
A 715S Baslol B = a7}
o|Zojx3L i}, EHx%.XJ,EE RMS, TK®(Temporal
Kurtosis), PE®(Permutation Entropy), 18] ZCR™(Zero
Crossing Rate) 59| 7|¥o] A& 27] Xdhof &
wo] I Aa/do] #AE vt flom, & =i AR
old A7 g F3lo] o5 B wlwdt uprt ek
A =wolAe o] 7IWEe] iyt 1kt A
Ao $4 Ak sk, 2k 7)do] ot AlRA A
e AREe] i EE3 2 g el 7)E A
5 uspls v,

Fig. 3t AA7|25E 42 1% 529 A2 o2 4
7HA19] B AlE d|o|E|(Stable, Transition 1, Transition
2, Unstable)ol oiall RMS, TK, PE ¥ ZCR& &85l <
S BT TS el 2ot Anle] BAe Az
rq—E _:17]_,] z] 1L Lo} /\lioﬂ 1:}]6]—0% 71—71 O]—?‘OP@

ol

E 7x1_. o d
oo, “Stable’ 2 mj-¢- 2R ZZS 7IAH =o]Z(noise) O]l
7t & PR 495 diaEsks vlolEo]al, “Unstable’
2 dlolg T WollA 25F RMS 7] 1.3 kPa od(w'/p
71 1 % oD 22=M, 4157t I (sine wave)ol| 77k
Eorgst ALE fiEsicl  wWhHol, “Transition—1"3}
“Transition—2"= 94 F= A159] 3=7]2(transitional) A
AE Kol & ‘%E]'ﬁr/}.

“r*ﬂ Fig. @)= A

s=ERHMDIHEE =28

CRI27H, WS, 2024

7t

AEE HAT|OMQ HA=Q

=
e
- 0 A "0‘0 !
= il
) Sla‘hle Transition-1 Tmnsi‘lmn-z Uml‘ahle
5
(b)
&
: i
= o "m i [ | <
Q, LA 1.0
‘AAAA
.;.. A =5 BP0 | 5
Stable Transition-1 Transition-2 Unstable
% 1072
5 -
(c)
5
8
d:ﬂ.‘D O
4.5
Stable Transition-1 Transition-2 Unstable
x 107t
5 -
(d)
E:j OWJ‘WWMM \ [ 1.5 Ed)
= o H ll N
8 1.0
Qp 03
B Aaém::n:m:q;p
) Stable Transition-1 Transition-2 Unstable
Fig. 3 Statistical analysis results for four different
dynamic pressure data; (a) RMS, (b) TK, (c) PE, (d) ZCR
W2l RMS 715 9] 285 F3ll 24H2he] A ol s Al

59| A715 AL Z(cutoff) M} Bluste] LEhdH Ao
o}, ofu), AL AMe Asr] LA HUe 130 kPad] 1%
¢l 1.3 kPa® Ao5loit). 59 4189 A7]= ¢ AdEiQl
“Stable” 23} W A7|E dHE Holes
“Transition—1"o|A] @ 3xof] x| gk B glon, vl
2 =2 97|5 zton Ho| AeE Hol= “Transition—2”
oF E2H e}l “Unstable “oflA AL x5 JolA= ¢h

odr,]. Fig. 3(]0)94 TK H/\-l Hl—lﬁo /\HE AE_,] Z
(kurtosis) 42 =3t 7|Ho g A5V AHPu(=
Agt dlole)d AL TK7F 1.5 77 2he zkal Wit 2,
wolz 4159 1) 3,00 7P7he 7hE 2 SHo] i,
7ko] 59} A1 Hlo]elo] TKS A&alo] BAg Az}, Beh
7 Al “Unstable” Z70] isfj4= TK gro] TF 1.59]
77k Ao g Uehgo), g AJE|Ql “Stable” oAl TK
o] gro] WA BAEE Ao vehdth Fig. 3()] PE 7]
Hoe ME AF 159 el 49-7 = (permutation—
pattern) @] 7}3l5of| 7|Rksto] FAA 0= &35}l oo tf

o

N

O
=



A A = (randomness) S AFBF3E W o]t} EQk A
Eof| gjsfl Al4HE PE 32, “Unstable” 277} 7ol
59| utg mfelo] YA 34 AE AEE HY u)
& Btk 1Eu}, “Stable’} Zro] Y3 Abej
| tHallA= ul$- oheFet W9le] PE 4H& 7= A
. BO= Fig. 3(1)9] ZCRS Al37F 98
T2 Ag3let 7]¥o|w, “Unstable’x} Zo] &
| Adns oy 274 ExL B ] AEEs

Ho|m H}EHE o] =o] ulgL Hol
31% Sl tfaAle ALEEE glo]
»hawq Aesie, Aol ela
Al peoza AAIEIL Sl TK, PE,
glolEf EHOIW" Zyzre

ot
- T A/ o
N -
o rz e
5\1

My
© oA
®
:
o

fil [0 10 mo ol fob

i)
QL
fr
R

l o
— =

lok

N

2y
(]

7CRE H%F B0t
Aol Fhsto] Ut
o, o Hlolg EHSH/\J]% Al 7}7<] 7134 e
o] opd & o] FEF Hol= Z o= YEyT o]
A Al el Agsto] dndS 53 79
37F SHARt AdEilol®E ekl EQPE o R Xddh= o]
2 ](Ouﬂler)ﬂ ZefE kel gloh
olg% 7|EY 3714 A4 7IHe E-&stol WAl
7|k} et el S A] 2] 450 3HA| A o] of i el
el @A Ao MEE AT F4 71He o aiE
(Waveform Pattern, WP) 7§ ={J3}%itt WP 7| H2
AMERE ol4Hdiscrete) A13.9] ¢19] F1tol 2] uty sfE

S B 4—5—].5 H]—l:H o=, Eol— *‘E_J A % 14—15}1}]35_— RMS
719} tlio] B9} AlEv) ZHe oige] e RS 245}

A 3917 Bl Fig. 4% £ Aol AHSE WP £4
o] 7greolet, 94, Fig. 4(a)ollAl Holx, WP AXRS ¢
A= 24 el Bz HiE HlolEle] A7](pattern data
size, h)E aoF 5431, o] ZHE] MZ vlole] Yol ele]
iHR AFEE i4+1,i+2, i+ (k- 1) 7FA] 2 k719 glolE
7F WP 24tz A, o, il k2 FE o]
E7h 71 4 9wk B3 wjEe) Aeo) 4= n e}
WPE(1)

WP(2)
WP(3) :

D P> Pt 2 iz 2 P
CP P Poa P Pus P Paz
F P Prez 3 Pist > Pz

(a) patemdatasze k=4

number of cases @ P, =24
24
classified patterns : Z WP(m) = 197

m=1

WP(’O) Pz > Di > Pian > Prant

WP(’4) Pisz > Prz > P > B

(b) ().X; Wp(g_()l)

p'[kPa
v
N~
¥
.
&
e
.

p' [kPa

-0.8}

0.02 D0l B g

o ~
B L
N N !

t[s]

0.03
i 1s]

Fig. 4 Conceptual diagram of waveform pattern(WP)
analysis for dynamic pressure signal when k=4

52

2ol 2U7 BAY 4 Uk WP A9 M ojshE )
3l Fig. 4)l 17} 49 WS HAsle] AAES Lepyl
o} 22% agolMet gol, AE dole el ele] A%
iV 437k 8 B4 PrEoR AR 4 Ik ol
B SE] ha BE 490 Sl 2 AREs], oA

ARE WP AE dHlelHe A7 miEol
Dy >0, >0 >0, QA WE YERATH

CLelu, WP 9] HlolelZ} SR 200 48
EFd W Fig. 39| TK, PE, ZCR¥} 22 t}2 A8 7S
Y daBe AHAoR Wi JjFoR B8l

QIck. ShAgk, WEe] 27)(, RMS)% B kel ¥
o shEi(el, WOl Tie A AR B Aol Aekshs
omQlzy wdo] AUt e Holez Be 4 glon,

o] W& v ol AAIsHA 713,

3. REQIALM By x U

o

== HFEH
H oH

Hi

3.1 &= oy

3.1.1 5 ooy ! 2tdE

Haled 7]uh A %

o] 2.2, 18004 g5t

o] W& FukrR 3% Y AIST $Y AL HolHE A
shte] 59k A5 AZ-2 30,0007H<)

%5}9&‘:}(’: S EeN ]A]— E"
OB & LA, & 40709 EoF A1F AMEZS thako & 7)7ho)
A“—Oﬂ/\'1 2% (Z, }\H“ 2 OOO7H94 o]/\}_ EHOIE_])L. ;-]):'—\-

]

1

2 Sioto] AMELL, Uula 2i2e] MG LA, A
Z10,00071€] o4k HlolH)= 7HdE HHo] HS ol AFE-E
ek e, eEqlse wae U doleo] H s
(labeling) Z}go] Qs & o= A& 54 A4S
9] RMS 7|& B4 (p=130 kPa) thH] A5(p) e 2715
7o ® AHE 4o 9 2 silnh sig A dlolE
olA p'/p(RMS 715%) #kol 1 % oS, »'=1.3 kPa o]h A
A9 W (unstable) AR AT, 0.3 % P
Hd(stable) 0.2 Holsiglon, o FI+ FHE
(transition) =2 A 25}t

Aol

3.1.2 Y dlo|g X
QEQlFE 2dl9] 97 H(encoder)+= HloJEZ} 712 A

£ A 37Hlatent space) 082 ZAdh= Ax}Yst g5k
& sagaln, o TS A Bkl Hlolele] Fo S4ol

agHoR 4%g dolel Fzstshs 1t
#o] - Fasith, WAl e Askmue] ke sfst
S Qe 4 ot o] ARE olg L £
clel U 0] Yol delel st olpe 2
HE, A B2 BY RS wast

2 onE o)

= H

g@
gN

S=ERHDIHEE =28 M27R, M1, 2024



REQIFH J|Hte| HARIE Sot JIAHE! AAT|OAML HASOHY T
Table 1 Summary of input data arrangement Table 2 Hyper—parameter setup for each layer
Case Description Input shape Layer Filter Kernel size Strides
-1 RMS ,G=6 ) 1t )
RS o G4 G 1) Encoder 2nd 32 (1, 7)
13 ZCR WG 1 3rd L)
5 RMS, WP @, 24) 4th 2 1, 6) w
Ist (, 6)
k. Table 12 @4 A7old ALY A dol®e | Decoder oo | 0.9
T QORE Floleh. FA| F A4 case FHE 4 Gl x @D
o, WA 7)ol HEE FAY 7L Belo] 9 & L. ki
iz BRSQ) RMS, TK, PE, L0 ZCR 7P 226 o) algl spols) stefulelz gelnjol A(optimizer) =
3k Y dlo]g] A& case 12 Z‘IV]O}ME} o] 4744 % Adam(Adaptive moment estimation)2, £A%(loss
2N A i A9 G G=6), o= =% function)~= MSE(Mean Squared Error)E& ARE3}9S
(combination)}& v : Case 1_1)TE1* 37 H% A wix) alo]Z(batch size)= 12 TSI Table 2=
(G(=4) @ Case 1-2), 47} BFE A= s Case  maple 19] Case 28 Bl5AI7E T 2YZE9| Bl
1-8) sh=tpe] wet chayel g-2) b JHW & A7F shetule gRe thebdl Zlolm o]9lol Case 19] Stoln Tk
A AR VRS Ak A A HelE7E 2ol = Ad Alo]Z(kernel size)‘:‘} e dlolE o] =70
Ao, Y dolHE S4 Al o= glol M A i) walsiel o1zl g 77k thel 2o g A3
sttt Case 12 & 117FA19] 499 7F alefEo] o gregion npxjato @ E5S -H*H olojof 8 2|4 Al
g Hloly el w2 Al S3F B9 dFEOl B A minimum loss value)e 1x107 o]akE Aolskdrt
= ATt
Hidof|, Case 2= & AtollA MFA Atsh= 4159

AEERMS)I} A5 THWP)S TSI Wero =, 1)

® wlolele] Aol utet Case 29] e dlofel Flo]
AL, ofAEIRo] Kgte] F7Rs dlolel A el
o AXE A F7KE Zes] e, Helgel fojuld
B4 ARE B2 4 U Ab kg Aol Fasi,
W] AAME k=345 A w2l 37b4] Kghel dhstel 7
o1 B4k AIEE wlwslgn, 1 AnERE k=47 42 o

CIefel S48 AoR SET FA A Ao A
AREE: ZHethe 23HE EEste) oful, WPt 2 siel
o H99| $b =247t Hul, webA] WPk 2474909 2
718 Zrett oju) 199 RMS7H WP Ade] Bof ujA]s)
, 3ol WP gros A,

3.2 & W

3.21 2 MY

2 Qo] A 2 EQlae mele] YESL 72 9 5
o] Tte}ul S Table 20] 2Fsle] Liehjsict, o] male
QEs) HREsl 242t 4] Hlayen) 0= TAHo] 9l
o}, SEAFT AF e AL Wang 579) Aol A 2

B398 UL A AgIdn, BE FolA 1Y
(padding)2 VALIDE, A3} 3r(activation function)
+ Leaky ReLU(Rectified Linear Unit)2 AME3l3it), sf

L OX|

S=ERMDIASE =28 27, M3, 2024

3.2.2 StEY0f 74 H AZEQOf

Sigoll AHEE Shflole] TS RS 2ok CPU :
Intel 19—-12900K, RAM : DDR4 128 GB, GPU : RTX 3090
1 way, 850l AFEE AZEQo}= MATLABY} VS CodeS
UIZ 3= Jupyter Notebooko|t}, 0|52 Z+z; ¥ dlo]E]
Ax e 9 2l S5 sl ARSE QI el SlsE fIsl AR
% Python®] W& 3.9.120]3, tensorflow—gpud] HZA-&
2.9.00]", CUDA= 11,2 BHS ARSI,

l-ﬂogﬁ>

o oo

7F0 X2

E1. O 7;“
z4 e Aels asiet

E 0

]
S|

N

Al
1l

r
Zo| 2 L
%;Q_,]'*‘H(uncertamty)ol ofl-$- {‘ff_ Z
jv_} 6_1—/‘ X]—;(H _1_7]-01] o:]A—]Q EA z

EEokA] ZRloh whdo] & Aol Al

g

il

Ak

o

-}

C



b

gk, RMS®} WPE| HJHE FA[of o]-§5}o] 3H53) Case 29
- Alee] A9 vhg w2 e E4C2RE Y Hlo]
Eo] ARE FuFoz 2| Tyt 245l BA AEE
BAY = e ALR YETh Fig. 5% Case 28 Y¥
glole 2 stof shaE AyE =AIRE Zolth o714 A
S e HE L, yFS L,ER A o, o] 1t Uil &
28 JE dolHe £, 9 7kl weh L, ] Sk A
FRbEE= W P EaE VEhigleh 3.1.18004
ot dlolg 2piw 7|Eo uhet whebd He bRt B
(0'/p<0.3 %), =T L H=7)(0.3 %< p/p<1.0 %), B
TH S EQPRE A0 /p=1.0 B2 FESHET, 1
oA Holzo] s M52 T 2F F7tel whet 2,7t
S7Phs e R FasR HE YaEkt ofsiE ffste]
A 71e] A2 2ldlAl(indexing)3Fo] 3| E 2 Eof -5
Sh= & A=) B2 Fig. 5(a) ~ () YeRH AT aid
Y AlTE AR oE AES 7R, QEA H ol (a)oll
A (O2 Ze5E, L7 37HES), 9 A9 27)=
AXIL T2 9L A ARdute] 7R £934Il
A= Ae® Uit &, 54 Akole 5% Az 27
of 9y HEZS Yehll= RMSEE WPel E4o] yehgow

K

E

N

23], 1,9] 74 RMSO] Z17] £7hE Uehal mal ope}
) (a) y (b) X (©)
é 0 ] é 1] é 0L~/ N
T s T s| e
0 001 002 0 00 002 0 001 002

t[s] 1 [s] t[s]
(d) (e) ()

p'|kPa]
o
p'|kPa]
SR
p'|kPa]
o

0 0.01 0.02 0 0.01 0.02 0 0.01 0.02

t[s] 1[s] i [s]
.10
(g)
Lsg s (a) o
i L]
>\_“ (C)
= 3k
35p
b
Magnitude; RMS ® a':
6 5 4 3 2 a1 0 1 2
L

X

Fig. 5 Feature map in a latent space derived from
dynamic pressure signals with various amplitude,
(a)~(f) :

pressure data (from (a) to (f) :

some examples of time—domain dynamic

RMS increases.), and
(g) feature map (here, blue : stable, yellow :
transition, red : unstable)

54

&t -

Aol Ase] 27/uke Aome} ulmst
20| mUE PRk AEskE WpE 71]1#

ol o
fr o
;~

7

KU > kol oo of

7\7

w

Aoz wera] olHe] sl Gl
of Aeke 4 gl R,

HOJXM 2

ox
mlo ol
o= o
_'!;"l
ot
Jlm
o,
o
I-U
T
_Fll
o
o
S
HU
=2
i
bl
lo
U
5_
o
}0{4
1o

)

D
N
re
B>
M
ro
0X
A

o] A= thE 37149
°ﬂ AREER] gFE U A
L000749] Hlolg® ¢ EelTE muo
o] Fig. 60 Uehd}. o] &, 7t
Fig, 6(a)= 35 I7golA 2hl=S 913t 4
2 FEokd Mg A /p<0.3 %,
17 1<039 kPa)o} THE7](0.3 %< p/p<1.0 %, = 0.3 kPa
< |p']<1.3 kPa) 2] Hlo|E|7} EASHAL QlTth. Fig. 6(b)%] &
o dlolEl= () Rk A5 o] it XFo] F7IstAARE o
A3 =28 (' /p=1.0 %, = |p'[>1.3 kPa)2 A3t

2
i_:"

4 Olﬂ
2l
for
o,
o
il
2
(i1
y OW

RSO 52
208
i
ol
o
2
—s—‘
N oo
o

X,
r
o
I,
o\
o =
ol
i& o
_‘EL o

1

o
L
rlo

4 7%

o

(a) o) (b) A (c) 0]
RMS . :0.2 [kPa] RMS . :0.3 [kPa] RMS . :1.3 [kPa]
RMS 0.6 [kPa] RMS 0.9 [kPa] RMS__ 2.2 [kPa]

7" |kPa]
s
7' [kl*a)
2 S W
E
‘ i+
P [kPPa)
S

Fig. 6 Verification of the feature map using the test
dataset of the dynamic pressure signal; data for (a)
stable—transition oscillations, (b) mostly transition
oscillations, (c) limit cycle oscillations, and (d) feature
map validation results

S=ERHDIHEE =28 M27R, M1, 2024



IFO & Fig, 6(c)= T s AHE HEdhH= 4 450
B, Zd 1.3KkPa o[4S, p'/p= 10%)9] & WE 3L 2
Lo}, Fig. 6 @~() HolHE Fig. 5014 E&F 4
A E1be] B4 Amo] £G3 ATfolt), Fig. 6(a)] o]
L R4 Shebs RS B4 x]zzow oH4 ol at
wghsl HR(hE] o)) AAA ojg o] KZo| we}
a1

okgol BIEglom, Fig, 6(b)9 o 1E1 oA B
TR LR W7b) ATt g Szsheit. vy

&, Fig. 6(c)2] &% A% HlolH= *{“-‘1 A

wEslgon] sg A5 Holeg Beky ez 2 ds|
ARk Ao ehict, olel BF HRo e 2
ol e iy Akmdo] A S4H 9ol

sielgglom, EY, eEelny s iy Atud
o 7)o BAA I A BEekt A sjEolu
OlHI 7L MAIA] PP AOR Uehge

5.8 E

& AdFolMe 7IAENE dar]e) damehy e ¢
3 7RAERD Aa7]of A dofxl A S AT glolHE ©l
G3to], wAlRY 7MY REQIAY Hdd] I A4S ok
AA AaEHE TS 5 Qe S Ik 2dl
N A5e flste] AR 9 diojele 238 eag

& 7IAEHI SRS Al BolA ol A 24 Y
A 230 HASE . 2o o HolHEE 7|E o
T=olA daEetd H7E s 285 3= RMS, TK,
PE, ZCR 9 @A o)A AAJsh= WP & thefet SA14

719e) Zgo] AgEIUT LENY Aol S WS
Fatol 4 dolee] S SA4S B4 A, TK, PE,
ZCR 5 7129 A el doleE

A% 2 B2l Sojulat %*é

o
olgl=
H=

Mr ok @
pad)
|o
u
1
uj

v
Lf
3
o
3
)
ok
N
N
ol
2
)
N

o F 2 alo
2L
)

B, E‘M Aol 7%1 3 Lfﬁr94
7k 71 9] A ojof Hglsh=

o, PR BH(F, o]z 7}77}
9] glolgof A= TR AT B3
“B_Oﬂ RMSQ} WP 7]1@% oa} tﬂo]

o
o F—L
)
£
4

lm mlm o>,

Hxﬁﬂl
N
xoH
Noog

of .Iﬂ

_u

o
oz
rﬂ
rf
\
_I_‘
o
<
e
ro
oA o

ofs
=L
R

3 o o & o o®
T
IS
rlI,

9}&_\1_‘NHUF
O

=]
o

AU

LoofN ¥ 12 ofw

N
o

S~
o
o

s

B
2
o
o
H
)
i
3
i)
2
i
)
>
b
filo

OB 2o
oo

o

&

T

L OX|

[y}

FHOIAEE =28 27, M1, 2024

St
s

& A= 20239 HH(4H
oA 7] =79

HAa7|0|Me HaEQ

o

AR Y A0 R 3
wob e A7 2

AL

(RS—2023-00270080) YT},

(D

@

©)

@)

®)

©)

™

®

©

(10)

References

Joo, S., Kwak, S., Kim, S., Lee, ]., and Yoon, Y., 2019,
“High—frequency transition characteristics of synthetic
natural gas combustion in gas turbine,” The Aeronautical
Journal, Vol. 123, No. 1259, pp. 138-156.

Choi, B, Kim, H. S, Cho, J. H, 2010, “Large Gas
Turbine Combustor Development,” The KSFM Journal of
Fluid Machinery, Vol. 13, No. 4, pp. 63-69.

Kim, J. S., Park, Y. K, Kim, T. S., 2022, “Modeling for
thermal performance Analysis of power generation gas
turbines using 1D simulation programs,” Vol. 25, No. 5,
pp. 5-11.

Meher-Homji, C. B. P. E, 1994,
“Condition Monitoring and Diagnostic Aspects of Gas
of

and  Bhargava,

Turbine Transient Response,” International Journal
Turbo and Jet Engines, Vol. 11, No. 1, pp. 99-111.
Song, W. J., and Cha, D. J., 2019, “Temporal kurtosis of
dynamic pressure signal as a quantitative measure of
combustion instability,” Applied Thermal Engineering, Vol.
104, pp. 577-586.

Kobayashi, H., Gotoda, H., Tachibana, S., and Yoshida,
S., 2017,
thermoacoustic combustion oscillations in a staged aircraft

“Detection of frequency—mode— shift during

engine model combustor,”
Vol. 122, No. 22, 224904.
Joo, S. P., Cho, J. W,, Kim, N. K., Lee, M. C,, 2021,
“Zero—crossing rate method as an efficient tool for
combustion instability diagnosis,” Experimental Thermal
and Fluid Science, Vol. 123, 110340.

Sarkar, S, G Lore, K, Sarkar, S., Ramana, V.,
Chakravarthy, R. S., Phoha, S., and Ray, A., 2015, “Early
detection of combustion instability from hi—speed flame

Journal of Applied Physics,

images via deep learning and symbolic time series
analysis,” Annual Conference of the prognostics and
health management society.

S., G Lore, K, and Sarkar, S, 2015, “Early
detection of combustion instability by neural-symbolic
Proceedings of the 2015%

on Cognitive

Sarkar,

analysis on hi—speed video,”
Conference
Integrating Neural and Symbolic Approaches, Vol. 1583,
pp. 93-101.

Gangopadhyay, T., De, S., Liu, Q., Mukhopadhyay, A.,
Sen, S., and Sarkar, S., 2022, “A deep learning approach

International Computation:

55



b

to detect lean blowout in
arXiv:2208.01871

(1D Luo, W., Li, J., Yang, J., Xu, W., and Zhang, J., 2018,
“Convolutional

combustion  systems,”

sparse  autoencoders  for  image
classification,” IFEE Transactions on Neural Networks
and Learning Systems, Vol. 29, No. 7, pp 3289-3294.

(12) Wang, Y., Yao, H., Zhao, S., 2016, “Auto—encoder based
dimensionality reduction,” Neurocomputing, Vol. 184, pp.
232-242.

(13) Son, J. C., Hong, S. M., Hwang, J. J., Kim, M. K., and
Kim, D., 2021, “Acoustic Modeling in a Gas Turbine

Combustor with Backflow Using a Network Approach,”

56

57 -

Ak

Journal of the Korean Society of Propulsion Engineers,
Vol. 25, No. 5, pp. 18-26.

(14) Choi, S. K., Baek, J. M., and Kim, D., 2022, “Farly
diagnosis of combustion instability using statistical
methods,” Journal of Korean Society of Combustion, Vol.
27, No. 3, pp. 1-7.

(15) O’'Shea, K., and Nash, R., 2015, “An introduction to
convolutional neural networks,” arXiv:1511.08458

(16) Bandt, C., and Pompe, B., 2002, “Permutation entropy: A
natural complexity measure for time series,” Vol. 88, No.
17, 174102.

S=ERHDIHEE =28 M27R, M1, 2024



	오토인코더 기반의 머신러닝을 통한 가스터빈 연소기에서의 연소불안정 진단
	ABSTRACT
	1. 서론
	2. 오토인코더 및 동압 데이터의 통계적 처리
	3. 오토인코더 모델 구축 및 학습 방법
	4. 머신러닝 학습 및 진단 결과
	5. 결론
	References


