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ABSTRACT

This study investigates the performance improvement of a model to predict gas turbine maximum power output through the
application of data augmentation techniques. The accurate prediction of a gas turbine maximum output is crucial for stable
power system operation and economic dispatch, as it is complexly determined by environmental conditions (such as outside
temperature, humidity, and pressure) and equipment status. A prediction model was initially developed by integrating gas turbine
operating data and corresponding meteorological data from a combined cycle power plant. A critical challenge in this process
was the limited volume and variability of the real-world dataset, which constrains the model's accuracy and generalizability. To
overcome this limitation, we introduced and applied data augmentation techniques to generate a more robust and diverse training
set. The prediction model, utilizing the XGBoost and LightGBM algorithms, showed significant performance enhancement after
applying data augmentation. Specifically, the application of data augmentation successfully reduced the RMSE to approximately
2 MW, achieving a maximum error reduction of 18% compared to the model trained on the original data alone. These results
empirically demonstrate the high effectiveness of data augmentation techniques in mitigating data scarcity issues and

substantially improving the prediction accuracy and reliability of gas turbine maximum output models.

ofof =5 LM E

AT: Ambient Temperature 1.1 S A

AH: Absolute Humidity

RH: Relative Humidity A AAASR erasy B3t 7|5Hs) g-go] sty

AP: Ambient Pressure WA, JEbA-S £0]3L LNG 9 45 AMSh= 7FAER]

CCPP: Combined Cycle Power Plant U4 w]So] F71ekal ek, 20159 @A o] A AlA

RMSE: Root Mean Squared Error Hog LA7IA =L Q) kgt Qlal, TFAEYE A
chax oy x| kel sy 7lez ApRtal Sl ofejt =
29 EAEe} tjEo] S A 8.9 A&AQ F7He} of

* S g FA A8 AL Y(KEPCO Research institute)
T WAIAA}, E-mail : jaedong, kim@kepco, co, kr

The KSFM Journal of Fluid Machinery: Vol. 29, No. 1, February 2026, pp.6~11(Received 08 Sept. 2025; revised 15 Oct. 2025; accepted for publication 03 Nov. 2025)
6 SIERADHER] =28 M29d, HN1E, pp.6~11, 2026(=2 &+ Ak 2025.09.08, =2+ LKL 2025.10.15, AARAZ XL 2025.11.03)



ox rfo = b K 2
rlot
ol
N
A
e
Iz

Eui e )
Uﬂ;
o
12
&,
ojrl
M fot

=
ox,
|o
]
o
ol

N
I

e 4

)

N ol

~+ fu

30, L, O%

o F§£

B2 T o
ro
il

Lo 119 lo

W fLoox

o
=
IS
o
3

2
[
et
e,
o
iz}
fo
oh

te)
92
™
-
o
r{r
m{n
ik
_1>~1
z
off
_>¢
o
Jlm
o
rE
4%
riot
i fg o
Dot w2 e

ikls @l—lﬂ%% Zgstarat gk, o] Aol A Hetehe
uae) E28 HlolE R ssiel dlSat ofd At
UTH 0 BEA|NE, giF-E] ¢G4 UCI CCPP Dataset” &
S WER 4SS vimeks ol var
CCPP Dataset-& t|o]g] ZQEZ} 9568724 283} Ho]
Bt EAs, ZhaEuEe] ofd Bt S
Tk Al E o] ZEAERI Y oS Ed 5 Yl AR 2-gof oY
o] glet, A4 WAz dlojele] A$ &Y dolelst
A gron Hloje ] £ my kol 2 A|efo] EH i,
ol ol%e] AFAS AFAY 4 9lek, B AT Fa B
He dojg Bxo] gAE Fusw spAE Az o
2 mele] 45 ANsh Zolth, ol §is) Al W

stod, 2l o550

=

=

1o

glojefo] 2eket Holy 54 7IHE 485

a3 SET HFYY F& A= HolHE FEdH 2=
o=, gog F74 7o) 7iAERl &Y oS e
o5 A= 9 dutel el miAl= 34 9= A
Aoz HFokl, olF Sl Al B & EAelA
= WO A=de PRI 71stast gt

2. HIOIH H=
2.1 Hlo|g H=

211 JIAE{HI 2% ©|0|E
St aoA A 4 FQl F-Class 7FAENR]

S=ERHMDIHSE =28 29, 13, 2026

ItHE olf 2™l ds MM 37
240 HolelE ASsiRh HolelE shstel AFnUL
B il R 20 HOlEE St 1 CERE R
ule] e S5 4 gick et A2 490 haE
29 Yoleg Assqt
2.1.2 7|M0[0|E
VA Fhele] o] 2 ke wlx]

tlolE] 2] HeHdo] Fasiet, 71%E1101E1% 7130l A Alg
k= 7A=Y Y (http://data. kma, go kr) oA #HE3}
o}, AR EE S 7)ol Algshe 4] dlolH
SHETCR 7S 9 dE ARE UeREd 4 YUEs
*% Ato|Eoltt, of7] A F7| 4 H/E(ASOS) HlofE F
s 9 7|99 AP glolgE HESH

d x&

r}o

2.2 Z|tH= dlolH

Aol Al g, 7hAERIe] fAd 871, EAI4Y st
5 BeEel 9lo] o3 FER
o|& Q& A FHFull load)-&%

O 23 2R Hoe] oI olRich & o1
o] BAL glafie Aer Ao 29 7719 dolgr} Ya
5t7] wigoll A HolHE Z8sI= skt Al
3ojzk Eﬁg}.eﬂmx{/\vl AR A zAA BHE2EH A
(FE, 528 9ol SFEA sk, %QHH aEA &
e °x14a S Aoz el
o B 7= A ) Ee S5 ‘IHTOH Ol %L{P
o] HlolEl & ARgsto] ShETolEAlS F5313I

)ll

0_8

2.3 S5 EX(Train features)

714 dlolEoll= theRt 71d et AN 7FAE RIS
Seo] FFS A=t aaE Ve, 5 2 Y
ot o] T 7NN AlFdte Sv ddsEolth 4

e A 37] Foll =3 571%0] F& 2=ollA
2o A of 23k 5 e 2 F=e] tie 2 H
AEY 3= o] J=AE Uehdoh L% A o9l
5] Qbof| gt 45719 doke yehdeh, ddis=rt A
Al 5719 = Uetl7] diizell 7EAER S50l o A4
el °§?£"*§ 3= 2ae ddigEelth, uebd AdisE
£ AdigEs HElsto] sk S0l x23slqlet, o|gA ¢
%l F 47HA] 7[R, AdisE, AdisE, 7Iehet
7EAEN] S ] A BA4E 3skelth

Table 104 X nie} Zo] 7IAEH &£2(GT Power)
< W7 2=(AT)2F0] Aatdo] 7 241, AiE=RH)E
U= AdiGE(AR) 9] #eigo] o At wheba] Aol
S AUEEE AR YA 37k S 7=, A



ZRHE - MEA] -

Table 1 Pearson correlation coefficient of weather features

and gas turbine power outputs

Features AT AH RH AP GT Power
AT 1.00 0.92 0.74 -0.61 -0.98
AH 0.92 1.00 0.87 -0.64 -0.92
RH 0.76 0.87 1.00 -0.51 -0.75
AP -0.61 -0.64 -0.51 1.00 0.72

GT Power -0.98 -0.92 -0.75 0.72 1.00

Table 2 Train and target features

Train features Target features

AT GT Power output
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P E]— K—fold T2} 720 do]g2 KA ZE (fold) 2 XGBoost model
Ueo], ZbZEe 3 A AZt|olE| 2 ARRSHa YA E & Augmentation multiplier
5 AEZ AMgshs WHolth olF 3l X HolErt & Noise No Aug. X2 x4 x6
intensity (Baseline)
0 2.30 - - -
Table 3 Example of Dataset (n_data=69)
0.01 - 230 2.13 2.16
Date AT(C) | AH(gm’) | AP(hPa) | Power (MW) 0.05 - 2.20 216 | 2.02 (-11.96%)
2019-01-03 7.95 1.31 1023.1 193.12 0.10 - 2.07 2.11 2.20
2019-01-08 7.50 232 1014.1 190.96 0.20 - 223 2.17 2.11
2019-01-15 9.15 3.20 1010.8 187.91 * Number of data points
No Aug: 69, x2: 138, x4: 276, x6: 414
Average RMSE (XGBoost)
Full Data 1 s Baseline
| Fold 1 | | Fold3 || Fold4 | 225
B — b B 220 3
Train Data vaild Data 215 x4
| _Fold2 | IEIEER == wuseof ol 2 Jos
[ Fold1 | m— RNSE of Fold1

0.025 0.050 0.075 0.100 0.125

MNoise Intensity

0.150 0.175 0.200

—e— Mo Aug.(Baseline) —— WD = %] ——— X

Fig. 3 Effect of data augmentation on average RMSE for

XGBoost model
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Table 5 Effect of data augmentation on average RMSE for
LightGBM model

Augmentation multiplier
Noise No Aug. 2 4 6
intensity (Baseline)

0 235 - - -
0.01 - 2.16 2.21 2.01
0.05 - 2.09 2.01 2.09
0.10 - 1.99 1.92 (-18.26%) 2.08
0.20 - 2.15 2.06 2.12

* Number of data points
No Aug: 69, x2: 138, x4: 276, x6: 414

Average RMSE (LightGBM)

Baseline

23

22

21

20

0.025 0.050 0.075 0.100 0.125

Noise Intensity

0.150 0.175 0.200

—+— Mo Aug.[Baseline) —— X2 = x4 —— B

Fig. 4 Effect of data augmentation on average RMSE for
LightGBM model
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Table 6 RMSE and R2 of LightGBM prediction(Aug. multiplier:
X6, Noise intensity: 0.10)

LightGBM RMSE R
Fold 1 2478 0.940
Fold 2 1.722 0.968
Fold 3 2.186 0.943
Fold 4 1.307 0.979
Average 1.923 0.958
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