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Abstract - Corrective thermal performance analysis is required for thermal power plants to determine performance
status of turbine cycle. We developed classification method for main feed water flow to make precise correction
for performance analysis based on ASME (American Society of Mechanical Engineers) PTC (Performance Test
Code). The classification is based on feature identification of status of main water flow. Also we developed
predictive algorithms for corrected main feed-water through Support Vector Machine (SVM) Model for each
classified feature area. The results was compared to estimations using Neural Network(NN) and Kernel
Regression(KR). The feature classification and predictive model of main feed-water flow provides more practical
methods for corrective thermal performance analysis of turbine cycle.
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Fig. 2.1. Trends in flow of main feed water. #A:
Steady-State Region, #B: Calibration
Correcting Region, #C: Corrected-State
Region.
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Table 2.1 Correlated variables for main feedwater
Factor Descriptions Unit
ZHPTBNP Average Pr. of HP TBN kg/ Om*G -
ZMSP Average Pr. of Main Steam Pipe A;g/C‘mZA .§
ZMSF Total flow of Main Steam Mkg/hr %
ZFWHT Average Temp. of Feed Water T 3
ZLTUBT Average Temp. of Low Temp. Tube T _§
ZHTUBT Average Temp. of High Temp. Tube T g
ZBSCALDT 2" Heat Power / Delta Temp. %/C ‘g
ZBDELTDT 1* Power / Delta Temp. %/C ©
ZBTFSPDT Turbine Power / Delta Temp. %/C
ZSFDP Diff. Pr. of Steam / Diff. Pr. of Feed water -
ZRCPDP Average Difference Pr. of RCP CM HQOG
ZFWHSGP FW HDR-SG PR -
ZBSBD 2" Heat Power / st Power -
ZBSBT 2" Heat Power / Turbine Power -
ZGENPO Normalized Gen. Power MW,
ZSTMF1 Steam Flow of train 1 Mkg%/ hr
ZSTMF2 Steam Flow of train 2 Mkg%/ hr
ZPNFW1 Power Normalized FW flow 1 Mkg%/ hr
ZPNFW2 Power Normalized FW flow 2 Mkg%/ hr -
ZDELT Delta Temp. o g
ZMSROPA Average MSR A Outlet Pr. kg/ Om*G £
ZMSROPB Average MSR B Outlet Pr. kg/ Om*G (2
ZMSRTA Average MSR A Outlet Temp. T 2
ZMSRTB Average MSR B Outlet Temp. T ‘715
ZLPTP Average LP TBN Ext. Pr. mmHgA g

Table 2.2. Weight of correlation coefficient(r)
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Table 2.3. Classification table of correlated factors

Status
Factor
#1 #2 #3 #4 #5
ZHPTBNP Middle | Low 0 0 Low
ZMSP 0 0 0 0 0
ZMSF Low High Low 0 0
ZFWHT Middle | Low 0 0 Low
ZLTUBT 0 0 0 0 0
ZHTUBT 0 0 0 0 0
ZBSCALDT 0 Middle 0 0 0
ZBDELTDT 0 Low 0 0 0
ZBTFSPDT 0 0 0 0 0
ZSFDP 0 0 0 Low 0
ZRCPDP Low 0 0 0 0
ZFWHSGP Low | Middle 0 0 0
ZBSBD 0 0 0 0 0
ZBSBT 0 0 0 0 0
ZGENPO Low 0 0 0 0
ZSTMF1 0 High Low 0 0
ZSTMF2 Low | Middle 0 0 0
ZPNFW1 Low High High High 0
ZPNFW2 0 High High High 0
ZDELT Low | Middle 0 0 0
ZMSROPA Middle 0 0 0 Low
ZMSROPB Middle | Low 0 0 Low
ZMSRTA 0 0 0 0 0
ZMSRTB 0 0 0 0 0
ZLPTP 0 0 Low 0 0

Note) High, Middle, Low : Strong factor, 0 : Medium,

small and none factors.

23 54 49 94 25

A F7)E 60 0= :rWEl SEo At w1y
H(Table 2.2)°l ¢Jale] 98 QRS FEal=
T3l g HH%‘EOHA t o5 Al A2

Zb= 8-S 7*E High, Middle, Low= -
Nz vt
W-F3(Table 2.3)% Table 2.1°14

2
e

2
2,

% ANIE L OE‘EJ_
A WSS ZolA] 712 dlo|Ele} A3t vl el <]
alo] 7hEAE Fofate] W gAY AEE
Rl gES ofujsh, 35 SR I8 Eie
okl A A AAH A 3 74 9] FACEAE A
B, AA B4 A, el B § dEhoew B
& 4= 9lon}, Al 1A 7)ke] Awg- A 7)17H60
F7NEG iAo Fan, & Aol dEg-e

Gl oJste] Fd E577F 1T°1117 ool o=
S BEHA 9 7187|(Fig. 2.3)2 E8ako] 5719
54 d9os I BFHE sI%len, Fig 2449
574 4o 4 5ol digk oA A E(Decision

Tree)& Uhehllo], 54 94 992 ¥RT + e

OllLX|I5sr HM23& HM4= 2014

=< - #43

S 006

® #1 #2 #3 #4 0 #5
3

a fr——ﬁ—ﬁ_

2

S 004 x\

c

8

(2]

k]

a:'

5 002

s ———-.A \.

k] "““« M
& o000 !

2 ——Std(W) ™

2 —— Diff. of Std(W

‘g T T T T T
* 0 20 40 60 80 100

Operating Time [Window]
Fig. 2.3. Standard deviation and Differential of
Standard deviation for each window.

Std(w) > 0.3 C@ious Region~

= #4 Region ?

{#3 Region] {#1 RegionJ [#5 RegionJ [#2 Region} [#4 RegionJ

Fig. 2.4. Decision Tree for feature classification

daglEs TRt

SEE W) 71871 00l R, S Wl 2
717F 0.03 o]deld, #3 Ao R 2R3l oM, 0.03
olglo|™H #1 A @ #5 FAow F=Es19Tt 1g
3 ¥ HxRe] 71717 0BG i #2 e B
Trg]. uq 0_@_1:]. ;(Lou:] #4 63)\1—__& o}oﬂq,
o|E A FrE= A do] S BAE ) #1 G
E A el Gl RE dlfelE R
#2 FUAIE 25 dolEls] MTL AU 2A

014 iﬂL #3 oM mﬂ 0 Ak
A &3 dlolE o] HlTe] AH, #4 F B
Ao = A BA AHE ddollA] 225
Hlzo] AA EolEm, A BA olF 4
A FEE dlele9] wFe] AuiH o Fkske T
Zrolt}. o] ol wet i 1 54 oh
3 g dy o] Thesl = At
Fig. 2.55 <ollA] AF% A AAEDS o8-8}
T T 54 dlolEe] @ 2534 HeE

F43ke] 9IS TAG Ao, ol2@ 4L Sla}
o] AREH S5 Hlo]E]S] Y=g FL thA] Abzt
Joz gAIATE S HolHE Ang-o] g



Total flow of main feed water [Mkg/hr]

5.80 T T T T T T
0 30 60 90 120 150

Operating Time [Period]

Fig. 2.4. Classification of Feature Region. #1~#5 :
Feature, Dashed-rectangle: region of window,
Arrow: predicting value.

A BE S FEShRE Aol oflel, 4w vt
2 o|do]| =Ao|| dlo|g Howr FE REF
(Table 2.3)°ll ojAste] 523+ &9 wloleint &
=gk

fT
o
rr
jin)
W\
X,
rr
)
&
=
lo
o
3r
ot
oot
I
ﬂ
o
>l\1
K ow

X
*]
[e:

FEte et

& QAR AL HAH | 4 RAs A
FIgrol, Ak QUARe] AAdehx] Hgh e Algte]
HAEAA SlsE B A Ferh A, B R
dAtel F7kR Qlstel mEle] ARwr) ofshEt
19 olef @t FAE At 71 Al &
SR P ATt 52 34709 EeE A
FEoR Aot & delNe w3

¥ PR A4 dR, e Foz
Qoo = erade] 917} tha Aol7k 9l

2
o N
T

2
o
%0,
32
o
A
o
v
=
Rl
2
o
o
fz
e
ol
ol
N
)
o
g ox dlo

e gEEE g AEL ¥

4 YEo] EFH= 1B §5 FEO

A
Zo

o

Table 233} & 32 B739} Hluwsle] =4
% HollMe] sl g &
2ES o]gsfo] Ee

dolEue 8% Hold @Y BRow P,

o
)
rot
jo
>4
)
o
5
0 |
7
W o%
. ox o

He
;
o

zdof ojgh A 267

FH5 S 2] 99 HjaY mEeA, 1
AN ejule A
53 5 ol MEE W B 37 ZE0 08 )
gl o, oleld mEe ALgal] 9late S ol
olBlE AT S dlolEl: 60709] HlolE o
2 AR gnee 245k | F7]2 o]FojHo
Awoo] Yol e APos At

SVMse] H4 87 2d (T =w « 2—b'<
Ta17] 918 At mae 2(2) g 23)3 2ol T
AT,

*

min®(w,b,&,6) = 2)
1
min_ Swe wtOY(+E)
y—f(X) <€ +e 3)
f()(z) S fz', +te
0<¢, ¢

fori=1,..,l f(z)=w e+ z—b

o] 7|4 &S € (Slack Variable)i= Hlo|E]2] A
Z A7 A BEREAEA T 4= gl W]
], C& AFEAPF AAgsllof sl wivll WA of )
=2 7 e g A sk, S0 0 < g9 A

FE B 5 Y @ A e o BY S ol
=

max,,,,,mini ;?L(asarvﬂsﬂ’swvbsgvz/) (4)

w3k 7 FH3 mde A5)9b o] AajxH,

A4 AZE e A 37 e 26 AHgse]
TR, BhEAS) AL P WAL 714§ A

Y(Radial Basis Function Kernel)S #-83}3iT.

Journal of Energy Engineering, Vol. 23, No. 4 (2014)



268 oFskAl .

CTb 6)

4. A <

Fig. 415 54 99 i 7t 4 dags
gk ekl 9oF sEERA, T 9o tigh
FH ATE ARLelaL, A vt ofste] st
eSSt I et vlaghtl 1A o
ol AR, s Aol gk 5 R -
T P YAEE vl o R AR50 g5 HolH
£ F=%h 28 59 HolHE o&ste] I
ata, 34 B duglE] AXE dy vl 2
< B8t F4 s FEslon A sEy o
79 3]7(Kernel Regression, KR) =25 A-8-gh 3=
A Aol Hlaste] 284S A5

Fig. 425 998 4352 tehla ek, 22}e)
GIolE] el e 34 % 9 ) R PR

o FER(GS B = 1, ohd @5 = 0)F Folat

3, FE EFE(Table 2.3)9} H]alsto] %Eo}ﬂd s
(), sa] Kt B0 o= s Gl it
Bgel AdES ARk Aot o7|A, AES
Ak ) fpehA] K9k FER g B %%16}
W e R Fof3olTk

#1 Gejo] AlAtehz TRl @ e #
Bl Ui 5 2R FE 284 51 3
HOE )9k 95% ol de] HIdt FFow Helu
o, #2 el FE LFeHe 50% A= AP
S Holar Qltk ARt #1 Fqo] b Fol
M # el A5 ek Al YoH, #2
el g ek Akl SkssleH #2 94
o] AlZFsl= TRHEElE #2 4] I Eele] A
FEC] 90% o= Holal glrk o]k 747kl
A A= AFFshs 7 BB el
o= Aghgo] vton, 4 el st eatehs
BFE QISIEE 53] #5 Gejo] AlFtshs el

OllLX|I5sr HM23& HM4= 2014

=< - #43

>{ Window ( 60 Periods ) ‘

Calculate the correlation coefficient

w standard table

Extract the strong parameters

w CIaSS|f|cat|on Table

Data set = Using learning data ‘

Using Predictive Model Algorithms
( Neural Network Modeling
vs. Kernel Regression Modeling
vs. Support Vector Machine Modeling )

e e = =

v { Predictive calculation ‘

Fig. 4.1. Flow-Chart of the predictive algorithms.

o
S

Suitability percent[%)]

20: —=— #1 Factors —=— #2 Factors —— #3 Factors

1|—— #4 Factors —— #5 Factors
T T T T T T T T T T T
0 20 40 60 80 100

o

Region
w S
1 1
i
|
1

o 2 4 e 8 10
Operating time[Window]
Fig. 4.2. Suitability percent of window.

—=—meas.
——SVM

6.00

o
©
o

o
©
S

o
©
@

Total flow of main feed water [Mkg/hr]

o
®
S

T T T T T T T
0 30 60 90 120 150
Operating Time [Period]

Fig. 4.3. Calculating Result through Support Vector
Machine.

e AES wolu, #1 FHow oPshs A
(BHd )= Asisic
MEE HE vl ofgk 34 gk Fig. 437 2
o] el thald ez oAt 1% mvkew el
o, SARE B Fgshs f0.1% Vv
B A5t Atk sk B ARe] e v



Table 4.1 Comparison with measurement data and

predictive calculation

SVM NN KR
Meas.
No.|Reg. Cale. [Mkg/hr]|Cale. [ Mkg/hr]|Cale. [Mkg/hr]
[Mkg/hr]

Er. [Mkg/hr] | Er. [Mkg/hr] | Er. [Mkg/hr]
1 a1 | 583687 5.83705 5.83852 5.83951
’ -0.00018 -0.00165 -0.00264
2| w1 | 583875 5.83470 5.79565 5.84348
’ 0.00405 0.04310 -0.00473
3l w1 | sso113 5.83114 5.84955 5.83647
’ -0.01001 -0.02842 -0.01534
a4 | 597860 5.91382 5.79345 5.83969
0.06478 0.18515 0.13891
5| w0 | 596480 5.96477 5.827 5.91079
0.00003 0.1378 0.05401
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0.00077 0.01357 -0.00648
11 #4 | s5.84149 5.84910 5.84072 5.85034
-0.00761 0.00077 -0.00885
12| #4 | s5.85238 5.85178 5.85685 5.85560
0.00060 -0.00447 -0.00322
13l #5 | 585161 5.87298 5.90943 5.85008
’ -0.02137 -0.00578 0.00153
14l #5 | 585487 5.85710 5.84812 5.86563
’ -0.01223 0.00675 -0.01076
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’ -0.00069 0.00383 -0.00010
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