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A Study of the Valid Model(Kernel Regression)
of Main Feed-Water for Turbine Cycle

. 1 A
Hac-Jin Yang, Seong-Kun Kim
'Dept. of Mechatronics, Jeju Tourism University
Division of Mechanical and Automotive Engineering, Hoseo University

2 o Hyl Al|E Y 4 Axo dA 52 245k FYE FAAL 2HS A adeh 2 A

AL AZFAE 45 BHS 9 A4 EFQ ASME(American Society of Mechanical Engineers)

PTC(Performance Test Code)E 7|2 O R A5 EAoA L4ZF07 F9354 HLEHE= FHF45 5 Aoz o

g g G YESZ Nty ZF FHEE A9 HYl Alo|E A5 F85e ¢EES Mdsiaith 8 g1
uf

Q45 BHe Y
s

Be 274 AUl 4T BAS NoR GAEE Y94 BRE AL, oF oz Ad 57 nde o|gsto]
S48 34 2ES TYSG0m, A a7 BEY] 944 AB] skl 417 sz B S Avket vl
sttt a4 999 B4 S40] BE 25 9 24 nde Hy Aol2old Bt v @ A B AR

4]
= o
A s B0 AEEE S/ 5 dolom g2 A 24 Wad] Ot o 9 4% 2dR A8E 5 Uk

Abstract Corrective thermal performance analysis is required for power plants' turbine cycles to
determine the performance status of the cycle and improve the economic operation of the power plant.
We developed a sectional classification method for the main feed-water flow to make precise corrections
for the performance analysis based on the Performance Test Code (PTC) of the American Society of
Mechanical Engineers (ASME). The method was developed for the estimation of the turbine cycle
performance in a classified section. The classification is based on feature identification of the
correlation status of the main feed-water flow measurements. We also developed predictive algorithms
for the corrected main feed-water through a Kernel Regression (KR) model for each classified feature
area. The method was compared with estimation using an Artificial Neural Network (ANN). The feature
classification and predictive model provided more practical and reliable methods for the corrective

thermal performance analysis of a turbine cycle.
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Table 1. Installation of Flowmeter in Operating
Power Plant

Plant Flowmeter

YeoungGwang 3, 4 Units Venturi

UlJin 1, 2 Units Orifice / Venturi

WolSeong 2, 3, 4 Units Flow Nozzle

Gori 1, 2, 3, 4 Units

Venturi
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& verified plant performance data
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Features classification with using the
existed mass storage data

Analyze traits and factures of the dataset

CDE o T
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#1 Feature | #2 Feature | #3 Feature

Set-up the features

| Calculate the correlation of factors |

| Select the strong factors |

Compare factors
- Extract Feature

Extract the modified learning data

| Calculate the correlation of factors |

Select the strong factors |

Apply the predicting models |
(ANN, KR)

Fig. 2. the Procedures of the whole Algorithm.
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Table 2. Classification Table of Strong Factors

Factor Feature
#1 #2 #3 #4 #5
ZHPTBNP M 1L 0 0 1L
ZMSP 0 0 0 0 0
ZMSF 1L 1H 1L 0 0
ZFWHT M 1L 0 0 1L
ZLTUBT 0 0 0 0 0
ZHTUBT 0 0 0 0 0
ZBSCALDT 0 1M 0 0 0
ZBDELTDT 0 1L 0 0 0
ZBTFSPDT 0 0 0 0 0
ZSFDP 0 0 0 1L 0
ZRCPDP 1L 0 0 0 0
ZFWHSGP 1L 1M 0 0 0
ZBSBD 0 0 0 0 0
ZBSBT 0 0 0 0 0
ZGENPO 1L 0 0 0 0
ZSTMF1 0 1H 1L 0 0
ZSTMF2 1L 1M 0 0 0
ZPNFW1 1L 1H 1H 1H 0
ZPNFW2 0 1H 1H 1H 0
ZDELT 1L 1M 0 0 0
ZMSROPA M 0 0 0 1L
ZMSROPB M 1L 0 0 1L
ZMSRTA 0 0 0 0 0
ZMSRTB 0 0 0 0 0
ZLPTP 0 0 1L 0 0
Note) —0.5 < r <0.5 : none factors(0), —0.7 < r <—0.5 or
0.5<r <07 : Low strong factor(1L), —0.8 < r <—0.7 or
0.7 < r <08 : Middle Strong factor(IM), —1.0 < r <—0.8 or
0.8 < r <1 : High strong factor(1H).
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Table 3. Comparison with Errors to Kernel Regression
(IDWF #1-#3, GKF)

No. Feature Error Ul
IDWF #1  IDWF #2  IDWF #3 GKF
1 #1 1.01 121 1.01 0.94
2 #2 6.05 6.90 5.94 4.56
3 #3 0.82 0.59 0.94 0.51
4 #4 0.35 0.74 1.18 1.30
5 #5 0.55 0.69 0.47 0.49
6  Total 1.72 1.97 1.87 1.53

112]3l IDWE #3 2 IDWF #1, #29F ulE7Fx] 0] %]
ok, @apgo] & o] W] o1, W2 FEC] 1% ~ 2%
Atol9] QAE Kol i}, mREto g GKF #Agds
= g9AT T #1 ~ #3) T Bt FFS Holi 9lo
U 35k9] oAt 22 Ao YEhyton, 55| HAF
g9l sls5 HlolElE o]&sto], g4t el AF dlo]
EHE A5 w7t 2akgo] 94t

Table 4°144" 417 32FEt A9 3|9 T9
374 gho] Al=|d &= Qloith. 53] #3 @40 XYok=
T2 S A B2 dlolel7t S5 dlolHE Ql4]st] &
ggkoll ¥rdE= 2ol Ad A Tt wiEA @
A5 EojA e TESME AL & 4 A9l

Table 4. Comparison with Errors to ANN, KR
(Sigmoid, Tabh, IDWF #1-#3, GKF)

Error [%]
Fea ANN KR
ture
Sigmoid Tanh IDWF#1 IDWF#2 IDWF#3 GKF
#1 1.42 5.73 0.22 0.99 0.78 0.80
#1 0.75 5.93 0.53 0.46 0.52 0.46
#1 2.40 1.42 1.64 1.64 2.14 1.55

#2 13.10 1381 1380 14.01 13.88 13.99
#2 10.02 0.79 1036 1149 676 5.13
#2 11.80 13.45 2.33 231 3.03 0.34

#3 1.92 3.39 0.68 0.69 0.51 0.52
#3 0.39 0.02 0.05 0.03 0.02 0.06
#3 1.37 0.95 0.44 0.48 0.52 0.55
#4 1.65 1.58 0.36 1.18 1.75 0.87
#4 2.29 2.79 0.85 0.64 1.70 0.87
#4 1.18 2.67 0.23 0.93 0.69 0.42
#5 1.78 0.32 0.29 0.28 0.51 0.51
#5 0.13 0.78 0.85 0.85 0.67 0.64
#5 0.14 1.81 0.22 0.22 0.10 0.16

Avg. 3.30 3.70 2.19 2.41 2.24 1.79
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