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Vector Regression (SVR) and Partial Least Square Regression
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Abstract

An online monitoring based upon sensor system is essential to assure both efficient operation and safety in the power
plant. Of great importance is modeling for auto-association (AA) in online monitoring technique. The objective of
auto—associative models lies in predicting true values of plant operation parameters from sensor signals transmitted.
This paper presents two AA models using Support Vector Regression (SVR) and Partial Least Square Regression
(PLSR). The presented models are useful, in particular, when there are many parameters to monitor in the power
plant. Illustrative examples are given by using a real-world plant dataset. AA performances of SVR and PLSR are
finally summarized in terms of accuracy and sensitivity. According to our results, SVR shows much higher accuracy
and, however, its sensitivity is relatively degraded.
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Accuracy, Sensitivity

.M = A% o) Wil W Az} ulge dope 4 Slrhe
O 2e 4 U B AAAQ) RS FAeE AE
A 7)42] whAol] 3 Qo] xpeE kA ol dhd Aln] Agh AlAel taiM = i ol Lﬂf %0121%01%?%@ ‘Elﬂ]
- .. . T 5 s A = =
of g Ael7]9kgn] (Condition based Maintenance)”} 5:6& B /ﬂ/ﬂiﬂ EHSHH“_ Mz Aol 7}1;‘:‘%— TE
passol b ek mebd, FAELA Folw /) 7 E OIS WA A0 AW GARAIEE ol g
Ax e A mUEgshaa dato] dEH AAd sl i]ﬂdz*ﬂ*iiﬂ Afs Ao = ‘%iﬂf_& T AL ‘E%%_*ﬂfj
Mub AiA oz wAsE Aol JhsaAth AuAgS = = vOH/jE el Bast AME ZaHom Had 5
o2 3= A7 (On-line Monitoring, OLM) 7] ek okge] Al g Ha wASF Ba, 54771409
nhz olelg WA Fi =9 ATH = A %X{%—ﬁ]ﬁ]ﬂ & ol el Hnf 53] WA
AR bAsA A PR IES] b 2 e gw 50 RERE AR Fele 3t arfll
28 WAL 29U 5 UL B ope} AW e FAE 2 OLMZ £¢ dyugel 7iestzid $4 Foizl 49
2 s mable] FHo® ud £ Qi wdo] Ba
stk o3 ZdS Auto-association (AA) Modelo]2kaL
Selt - 2010 22 17¢l werz) o 2 Yol Fololderle FHat: A
SRR - 20104 78 312 e A W, A Sol AAERNE Qe A%, 59
H oo = k=1 IS ’ = w = AT, ,
2 EES 00UE FRMEOR BRADMEL X oo Go's unueel 297 (e e )08
e ol AF=AZ (NRF-2009-0069111). m

483



BE T gk (true value) ol e &2 (2,29, ,7,,)
S o9l YT ARIIE QokHth ol & AA FA
Oy 12 xddc

Ozl 1. AAZFAIE 9138 Auto-association @
Fig. 1. Auto—association Model for OLM

olst AA RS 2134, Artificial Neural Network
(ANN), Kernel Regression (KR), Multi-variate State
Estimation Technique (MSET) %3 #-& 7|®Ho] A=
AL L FollA ANNol FrifjaiA A& deHl, 31
ANN FZ2X4E GZHERo] F7 2o]x glon w3
gnksk AA A5S A7 SBiAE weAlEel 57 ol 4
L3 Aoz FAE 1], A Support Vector Regression
(SVR)2 t}st dqedlA] ANNO| fiete= sfels i gle
v AA EAC #HAEAE 2 AT ulg wES A
o o AL sgdolHEE o e dukalsEs A2t

= AeollA SVR AA 2ddd] {3t E4S zta 9l
o 2 =89 EHL SVRES ol&3ld FAEAE 93
Auto-association E@E WehS A= d Utk AtE
WL A A Ho]EHE o]g3dle] AT (Accuracy)
o} W= (Sensitivity) T olA] HEZ} o]Fo Rt} 3
Waeste]l gys AHBY] 98] Partial Least Square
Regreesion (PLSR)& ©|§3< we] =dd HAix 7
Hlulstarzl gk},

2. d&x 3 oiztzof 2o st

Auto-association &7}

mAe AAZF da 2 F AR AR A A oA
& ZAHe 2, ()T 3w ol Teu} o] 744
(e}

2, (8) = g1y () + e, (£) (1)

A (DA, () AR teld WA SRsheluE o)
Aghe onlSlaL ¢, (1) = Aol S7Ql FFSAQ o=
7Age) e E AFsgEe], OLMe] 718 B3
11;__]— m7H9’] %%ﬁ Zy t 7$2(t)7"'7$m(t)7]— _Z’—Oi E] HH Oﬂ%
gk, (8),ay(t), oz, () & Fobe B Slvh e
2,(t) = z,(t)7F ohgh g (1) o) FAA L B F Qo) 2
2 (Residual)= 247k ol=3ke] 2ho]2A] 2] (2)9} 2ol
A o],

() =, (t) —a,(t) @)

upebr] AAHEA S Fel sl Al Al A7 A=A

484

2

i
ﬁ
oy
&
30
)
)

ot

o|FoixleH = ZE (Drift)7}
AMALE S2F GAF = glojof Frh o A
271924 (Auto-correction) 7]%5°] WA= ojo} &

A A 2 ()7t

T
12 oX o L
>
N
>
N
-
foh
_\3
22
o
il

2 o

o
o,
ot
=
=
i}
>
12
2

Iy
i)
[
[l
N
N

o o] AAG 2 7 (1) ol E =elLEs)
v vt i) o] Al HH %A} Ze
7 UERA] Al Hof AlAe] Ashs g 5
° wdolgh Foizl YJEE IR KALS]
B o= ndaa =g zey) 23y ¢l
Yol thall gh<5d WEYE &835te] =g ZEV}
g (AdF3HS ATE = Aok 2HA A5
P ZEV AP EAE
T Atk AA Bd9 olulgt 54L& 7t AlAe] A
EHOoE HUHH3 = T8 7|Nko] Hrh
A 2d9 AF7]Ee IA A% (Accuracy)® W7t
% (Sensitivity) 2 Yo A3zt 4= QrHl] A= B2
do] dul} &5 ks 5T = dverteE FAHEE
Aoz e Cd&gd g 19 Mean Squared
Deviation (MSD)ZA Yeld 4= it} A W= thA]
A7 7= (Auto-sensitivity)9F MW= (Cross-sen—
sitivity) 2 FEET. A7 s Aoy =gzEeR 9

m 2 xa
EA I

(6t 2

nh;;ij&nsh N o B o
J

Fj
A
5
i )y

oL

i
1:014

o2 I o
> ot 2yl

g oJw g AAe] SAFk] vloloj~rt Al S wW Z= )k
o] drh} wsA WkSEETE A5 Aow 1Yo
A gs Hrkste otk T3 wARIGEE ofF
St AshlA el g=lo] IS thE A oSkl WA=
J kS Wal= A0 7 RobustnessE & 5= IA 3o} 22
MAMMuAE g oz F3317] 4=, MSD7F 23
A7 Ee] o A =gZEdE E vzt

3. Auto-associationg ¢/ g SVR 2% PLSR

3.1 Support Vector Regression (SVR)
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