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A Soft Measurement Method for Carbon Content of Fly Ash Based on
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Abstract; [ Introduction ] The paper aims to establish a sparseness approach based sample distribution for LS-SVM models to solve
the problem of excessive computation in the application of classical iterative shearing sparseness algorithm for the soft measurement
model of the carbon content in flying ash. [ Method ] On the basis of calculating the feature space distance between the samples, glob-
al representative indicator is constructed by mixing together the density and dispersion. The original samples were sorted and pruned
and the sparsenseness was realized according to the indicator. The LS-SVM soft measurement model of the carbon content in fly ash
was applied to a 1 000 MW coal-fired power plant, the original training sample set was taken from the field operation data of the unit.
[ Result | The results show that the proposed algorithm can greatly reduce the capacity of the training set with tiny loss of the error per-
formance and it can reduce the training and online prediction calculation work during the LS-SVM soft measurement model of the car-
bon content in fly ash. [ Conclusion ] The LS-SVM sparse algorithm proposed in this paper reduces the sample space from 90 to 30,
which not only reduces the calculation scale, but also guarantees the calculation accuracy, while guaranteeing that the error is reduced
by 0.01% . The algorithm can realize on-line soft measurement of carbon content in fly ash in industrial controllers with limited com-
puting performance such as PLC, and can be extended to other parameters soft measurement systems in power plants.

Key words: carbon content of fly ash; sparseness; global representative indicator; soft measurement

E KA IBOR BT, MG A RAT AR T H R ER, % Al 7 R W i 2 1l
SRR HECRS bR o 6H% & AT FHRE AT
SRR R TR . IR RS b 09 Bk 42
BAREE; 20100128 BRAE: 20190424 EAT AR AT EHLLL £ 0 S5O AT

ESTA: MEERETRBEAHLIE KA B LA S R0 e R AR
SRR o 1 AU s f S
B RIS RN (EVO3141W) %ﬁﬂio kﬁk%{)lh*ﬂfﬁﬂi‘g{j‘ﬁﬁgl ) JJ::




70 B eR A

Fo&

XHEATU AT o B A T S50 (AR R A
BOBURRLA . RS e RS RES), B
H W T A B A% SR 2 S B B4R I =, O3 — 7,
PLAFE T R G G PR G A T Ris T35, X
o P T 1) R T S Ml 2 T R L
ARk, FEIua ATk, faEc/D . A W 4
(ANN) ¥, 2 53 #L ( Support vector machine,
SVM) D) K SR B S5 A J v T 30l s vh B A A9
o, SRR T 36D ™, Vapnik 45
SR L T, )i B TR R )
FRREAL T, SRR LR R EEOR 52 A S5 Y
W R AR ), A #R A 2%, Suykens fi2
B B B/ N e SRR 1) B ALSRE ( Least square support
vector machine, LS-SVM) "™ 1] ) A A ik 20 g 5 1
i, LS-SVM @Hinf U Rkt 4, 2%
B, WA Tk

V5 70 FL s S P RO 25 ik B A e N = R Ge bt
s, S T HR RO R B A is TRl &g, SR PLC
VERIRE- . PLCE R 0 Tolk il 4%, Has
HIRE Ty 5 K, H A7 fift 25 18] R 38 B¢ U5 AH 0 A B
LS-SVM B fini& & €K &k e e L 5, 5
SVM L, LS-SVM BT A REAHR SR f) 3 45 i)
o, REMBIPE, X& LS-SVM [EA k. BiE
YNGR R AN, LS-SVM [ 55 £0K ok
SR PR, O TR SRR
XPASERY AT Mg AL AL B, Suykens $2 ) T —Fp £ AR
LS-SVM ik, sl w AR SRR A7 k7
SO, I R RN 3 S 5 R A AR 1Y) 1 S I A
Bifko SCHRI10 i R BA fe /NG AR 22 B REAR
RSB . SCHRL 11 —13 DRy BRIk 3 1
SR TAERUS SLa 5 . SCHR[ 14 —15 ) LS-SVM
WALV E R S A ) AT RIS, DA S U1 R p A s
i, SRHI PSO SRR E . SCERIMAERI], X
AR AR LS-SVM i i A58 125 1) 258 7 1]
T — YRR T 5B I 25 LS-SVM A B, 4% Fil ik
(AR FRIHEATREATTY) . K LS-SVM BEAYI| ZRfR 2
R 1 H SCFF In) e AR R P R Ge, AR ER
K, WA R EE etk oAk w . SCik[16]
fe it 7 —ApaEE A LS-SVM Fgifb Ak, DLEURF:
fiEzs Al 4 R AR R N FEAR BT I b, SCHR (17 ] 4%
LS-SVM #3836 W T PLC REESLHL T K E
TR TELR N B o AR SO B OB 55 Tk 2 7 2

PR PR &, N LS-SVM Bk K4
PLC it &, IR THEAR ST RIEXT LS-SVM #k
M E BRI TR LA, L3S 1 000 MW HLZH 1Y SEBR
EATEE R BB IE T A B A S A

1 kKREWHE LS-SVM SRl =& 5

1.1 BWASH

ROV BTl T A S R B P R R RO Y G B R 3R
WP 1 £ S SR B BRbe
AR AR, JCH AT COHCE Tk I e 1 B AR
AU, SE AR I R A TR ST RO itk e O
AR RS ROR 5 flk i AR 2 A B R A AT B

ASCUAT AR FE A ul 1000 MW L2k i 5% %t
%, MBI M AE AT S EO A DS,
BRI GE T Z AL A R Gt g T8
B, SiRAHRGERCEPIIRE . PR IR
SEHTREE . R KGR S R 2 . —IRUE,
LGRS 40 . BEE R O & AR, SHidhn
JHARLEE 55 25 > SIS R 2 A S BUE RN Ik
At JERM RS R EXT . BT
RO B AR B KR LA B B M AT IE AT S 4
x (1) AR A TR0 X R B 20 o R R R
R SR R, B SR y (1) AMUE
XIR 2B A x (1) A OG, 5 A b x(1) &
RS y(0) DT EREA DG, AL, ARCEIER
KGR S ASRUEE, 1A B EOR 8 IR 2 550 A i
Al f . iy A ]t JAR S0 BT b — e 2 T 4 T
B, s ERE MmOk, R EUR AR
Wsh O T IE NI H R B PLC MR &, KR
A M B EC e R 1, (1) A RIA Y
ANAR T

x(t) =[x, (t =d,), % (t =d,) """ %5 (t —d,5) ,
X (t —At —=d,) % (t —At =d,) "
X (t —At —d,;) (1)

K d,(i=1, -, 25) WK IBITSELEIR I [H],
3 At RSRAEFE], s B A S BN TR I 52 i T8
L, IR RN B B AN M AN S A (i,
HLIBERT 25 B ) T 75 B B R A S SR B[]
1.2 ¥k &fE LS-SVM FiliEE

SCRE ) LR SR R T8 26 A 0 eR B 1T
e :

Y(x) =w'o(x)+b (2)



53

SR, A5 HET LS-SVM i A5 12 1RO 5 ik bk A N £ 5 v 71

A oC - ) ARL ek B, Ky A2 ) WA 3] vy
AERFIEZS[H]; A ) &2 R x, TUE D Ry, REOR
SO o FRE b, RV A i A
i, ¥ SVM fLAbln) @ % Ak g 4nF LS-SVM [al 941
1)
minT (g, e) = %a)Tw +y;zlj‘ e
S. t.

Ye = WTGD(xk) +b +e; (3)
A REZEN e=[e, ey], WIREN v,
B Ch g I H pREL:

L(w,b,e,a) =T(w,e) —

N

z ak{ngo(xk) +b +e, -y} (4)

=1

AP a=la, oy AR BIHF T, XF(4) X
HaEX 0, b, e, aBIT:

N

dL
@ =0—ow = ;ang(xk)
N
3—2:0—»2ak =0
= (5)
di-()—» e
dek_ a, =Y €
dL
ag:O—ﬂf¢@0+b+q—yk:0
AT o fle,, AIRLM RS
0o E' b 0
[ =L (6)
E Q+y '« y

Kt y=ly, =, wl’, E=[1, 1], I HH
(ARG

Q: 0 = e(x) e(x,) =K(x,,x,)  (7)
Kof: k, d=1, N3 K(x,, x,) WEEH, Wi
1 PRBSCKE T A2 1] R™ 5 5 1) o 24k P A A 25 ]
Z, ISR AR M e B S SR A R A I L 4
U=(Q+y 'D 7", ByE(7) .

E'Uy
= 8
E'UE (8)
_ . EE'Uy
a = U[) T EUE (9)
#35 LS-SVM (1) Fit #5541 .
N
Vi(x) = Y, acK(x,x)+b (10)
k=1

A o WAHBREAS B SCRFE

TERIP R & ik i LS-SVM A FEARx ol
FHR (D) E SR S5, yoh Kk
I0{H . LS-SVM B8l 2 Bf, BN 25 b A 4 F22 IR
(8) —(9)IHHAR « M b, THEFHUNES, HLHZ
128030 (10) BPATARAS K & e i B . )
A, R(5)FMa, =y e,, TMie, #0, #la,#0; RIFF
AIGFEA B L Fe a7, LS-SVM K & 1 i Bi
o BEEVIZRFEAR B3, AR AR D 4 sy, 5
BT E SR, 2Rk N HACE, it
a A LS-SVM AR i Ak b 3

2 ETEASHHEBRRLEE

2.1 2BRRMEER

LS-SVM Fi i A2 MU Il 25 Kt 4 v ik 7
TR A, IF A TS A T R P B T DR
1 HAT AU TR Mg Ak LS-SVM #Y3Z {L fiE
AT R E BA R R A SRR b, 7EfE
4t LS-SVM i i A4 55 vk v — B A S5 1 1) 4 0 {H
o, DBEPESRAR, SCHR[ 16 ] MIH BAEA [ 2 R R 36
PEEATEERE

LS-SVM RIESI AR R, K I e A 2 (W] 4
RS ), SCPUAEARZRMERT 23, S SO A T

FRES
d<x1ax2) = «/K(x1’x1) +K(xz ’xz) _2K<x1’x2)
(11)

TERE 25 Bl 1 SCEICHR A8 x A28 B

p(x) = 2 8(d(x,x)) (12)

Hrp

_[l,z=<#6

6@)_{mﬁm (13)

e 0 IR R B p () WL A BE A T
x JE R AR o p () ORI 5 e =5
8] SRR Bl Sl 2 o 0 — 2P SCEHE
JEE DA 2 st B B a8 TR R G b 14 B/ NS -

;= min d(x;,x,),¥V x, € X
p(xp(x) / /

—-b = /b —4ac (14)

X =
2a
TELL WA TEbRTh, SRR R, BHUE A
ARtk B B R Ry SCH ) AT DA T
S B EAETME (B 5 IR, WA S




72 B eR A

Fo&

WIGHEARE TR X8, R 2R/t 52X 0,
WAL BRI BT B AR /IMB B HURE R Y it A I 254,
ARG A S B DR SRR~ T S 0 i G A T, At
FEEA TREATR B A 5 2 [ B 25 % R B HlORE . 25
B AU e R R
T, =p; + (15)
B MERFEARERE R r HA 2R A B
2.2 BEHEX
ST REARZS (] 3 AT FFAE ) LS-SVM i i Ak 5507k
WMEEGEN L PR, Bk R — R AT BV AT S5 b
IR IZREE,, ST RE T R ¥0 B 52 4% 1) v 4 B
B, XWFAIFERE I ERAL, 1EA A H Bk
FHEY PLC -4

AR

|

A IRIIZREX . HRELK
oK Kiitg

l

X SREEX AR ] — 1k

J

HRAEC (10) IR (X, x)

l

AR (11) K& (13) #H5p. ¢

l

JH—1kp. ¢
MR (14) 58

R BN oHE Y

|

AT AN A R B
TIEIIZRES

l

Kty YRS

l

o
E1 BEAEERRE

Fig. 1 Flow chart of sparse algorithm

3 ZERHMW

R T B UEAR SCHEAR 25 (8] 43 A7 A AIE Y LS-SVM . Hi
BRI, LR BB RO & Bk i LS-SVM K
MR GE, % FR YR PLC AR AR 5 i ia 54
T IR R RS FEME . DU 1 000 MW HLALRY
SEBRIEA TR AR R I AR R Y

WRTEITAR, ©RK kit LS-SVM H A5 A4
BT 25 ML B ITSEE R kA & IFHsK
(D) ST TP 4 LI 5 0 1 Sh S RAE, 34 flifs
FF—AN AR 1 X50 4k, YIGEREAS 1 iy R B
B € ORI . IR se i T AR
FF—URCICREER T, Wi R R BE3RAS — L5
fHo PIZRIEHT AHL) ™ SIS RGARAR T M 2017 41
H —2017 412 A W B AY 140 A RCFEAR, i h
{x0, Vihilio BEARHY N RS EALIRAE, FHR
ity B IBORE RS (]2, D SIS Iy sk 55040 v 23 391l 35645 25 A~
ARREAE (1, —d,) B2 X (=1, --25) & (1, —At
—d,) B2 fEx, (P =1, 25), SRIFHx Flx,
VYRR 50 e AT EX, . 5, B S5y S AR
PAF— DI {x,, yido N T R0 A0 55 BE
FTHRTE, M\ 140 FEAS thBEALE 90 41 FEAS 1 Ry il 5
LS-SVM Hicil &4 A0 (9 B LR BEAR B {x, v sy, L
A% 50 4 H TR .

AR X i A Ak ) 5631 ] Matlab 2 72 58 1,
SKFH LS-SVMIab T EL4, #% R %3k ] RBF, RBF
PR S BCR S 7 K3k, y =20, o =150,
HE, FHFTA B 90 R GR I ZRAE A X 6O ik it
LS-SVM # i s AL E 17 Il 2, 25 R anfEl 2 iR
SRIG, FH 50 AR BGREAKT LS-SVM BRI HEATAG 56,
LERANE 3 FiR

0.4
03|
. 02}
01} -

i—[;redicied value

- testvalue|. .

0 10 20 30 40 50 60 70 80 90 100
A4
B2 LS-SVM #il SR 44 R ( RIEH A )
Fig. 2 Training results of LS-LVM soft measurement model
(original sample set)



%33 TRRME, . FET LS-SVM Fi i fb 5 7 18 RO 25 Bl el i 0 3k 73
g 0.4 : : : ,
= ——predicted value + test value
2 0.6 03l [— predicted valu est valu |
=05}
S04l | predicted value —— test value >~ 0.2}
503 0.1}
go2t ‘ ‘ , ,
501t A AR YAV Y 0 5 10 15 20 25 30
5 0 5 10 15 20 25 30 35 40 45 50 FEA /AL
© FEA /AL

3 LS-SVM HMEHAKRGER (RIRHFEARE)
Fig. 3 Verification results of LS-LVM soft measurement model
( original sample set)

RS2 P i REAS 5 LS-SVM fi t (B A9 24977 AR
22 RMSE UM PEREPFUr 615

RMSE = J;E (vV,-¥)? (16
53O bl xR i B AR R 2200
RMSE,,, T RnmIgGrEAR A&, TR 4R
RMSE,, =0. 056 3,
R T BRAEAS ORI AR AR s, DR R
FEAR R g BOE AR B(EBEAT XS U9, SEH g
=30, MK Postsifbin R T, iR
90 M EIRFEATE B 4 s (B P R RS, FH AR
A BB, M LI e dnrh, GnEl
4 fR. B4 30 DNELE AT CR A S HABR
IR RRNE, BRI ZREA, 250 R R
FREAS s EAT B0/ N 285 P B BRRE (BB RN )
B BRI R AR S . IR B AL IS 19 30 A Il
FEAH ROK B i 2 LS-SVM R 5 58 AU 47 )1
SESRANE 5 iR, B 50 2H R 50 RE AR UE AT M 5
XTHE M aniE 6 s, 115345 RMSE;, =0. 065 4,

1.0 .

gO.Sf
]
2067 -
S 04} o %°
7] OO0 e o
502} o ® o .
GD O @m
0F OCWOWDTD © 08 O LI ]
-0.1 0 01 02 03 04 05 06 07 08 09

Density/p

4 HERZTENMEHE
Fig. 4 Sample density and dispersion

Bl g =40 TE iRidFE, LS-SVM A (i Il 24
SEI R L AN TR, TR A
54 40 B9 RMSE,, =0. 059 4, B g =50 #E47X]
B3I, RMSE,, =0.062 3, WLl | 4 B %) 25 5 ik

B S5 LS-SVMZHMERAEIZLER (30 HEEA)
Fig. 5 Training results of LS-LVM soft measurement model
(30 sets of original samples)

g
o

=]
i
:
L

S
o

Carbon contemt in fly asd/%

10 15 20 30 35 40 45 50

(=)
n

25
FEAEH
E6 LS-SVM EHil SRR 45 R (30 LHEEA)

Fig. 6 Verification results of LS-LVM soft measurement model
(30 sets of original samples)

FIXTsE R, k1 PR,
F1 EEBRLERLL

Tab. 1 Comparison of model sparse results
WA R/ A ARG/ % RMSE/%
90 0. 00 0.056 3
50 44. 4 0.062 3
40 55.6 0.059 4
30 66.7 0.065 4

XFEE 4 ARG, il AR Y 2R AS S I 2k
TR LS-SVM Al AR ), Acs i R P Y
WRIETERE R . R A SR A s A Rk 4T
FEAR )G, WEREMREAAE T —ERE S
b, EAEAMEZIEIN . R 1 ERY, ARG
HIRZEMREZ M ARR B I RRE . B2, &
SCER B LS-SVM BERIRR AL 1%, BE A 2 4k
WRIEETERE B UL T R AU SR A Kk, R
I LS-SVM #2455 1] 25 B A £ Ul 1430
R RIEIE A LTl il 2 o 351 5 i S

ARG,
4 it

ARSCEEXR A PLC i3 5 i s P K&



74 B eR A

Fo&

ERE RS, T T R A [ AR AR
S ARFIERY LS-SVM Figifb 7k . @it i RE A e
RS AR FC IR S, il & 2% 3 R B iU S 4
SRR bR . FEATRBLILET, HI 4R
PERSARHET I R BT YNGR AR . e i Ak B o 5 ik
FFRBRFET R SGERITR, — I BT 31548
ERRMVIGFHEALE, 1EGASCHER AR PLC 1157
4o WICALL 1 000 MW HLAH 4 18 56 B8 %o 75 57
BEAT TR, S5 RAA SR Y LS-SVM
TR IR AL 0. 01% IS 0T, Hitake
AR 90 ANGE/INE 30 A4S, KRR T LS-SVM il
YIRS T 3150 8 . AR SCHE H 1) LS-SVM Fi
Fifb A28 A 3 T PLC 1 €K 53k £ LS-SVM %k
M RS, hnl Sy HAb T RE ) 32 BRI Ol i R 56
RS % T 2R REER R — S A
BARSR Al R ) e B TR B T
VPRI e A RE AR 2 A JE RS 1 A5

S 3k

(1] %, BRttAn, skmg, 4. spulifedr Al B T 2400 i o
58 [1]. hEM S, 2016, 49(6) . 48-52.

LUO J, CHEN S H, ZHANG X, et al. Research on soft
measurement technology of typical thermal parameters of utility
boilers [ J]. Electric Power, 2016, 49(6): 48-52.

(2] %5, RI&. BuiRD FER TSR SH BRI 5Tt
J& [J]. $/J1km, 2015, 44(11); 19 +13.

LUO J, WU L. Research status of soft measurement technology
of typical thermal parameters for utility boilers [ J]. Thermal
Power Generation, 2015, 44(11): 19 +13.

(3] Ioiges, ®XSCAS, SRR . SRITEAME MVs Je BRIy L 3

Bk be i [J]. i HL TR 2 4, 2012, 32(2):
39-44.
GUY P, ZHAO W J, WU Z S. An optimal MVs decision-
model for boiler combustion optimization [ J]. Proceedings of
the Chinese Society of Electrical Engineering, 2012, 32(2):
39-44.

(4] JElMESE, WhdF, BoSR, . JETIELSCRRm LAY YA
PeRGEASER [J]. B3hiER, 2017, 38(10): 30-35.
ZHOU S X, SHEN Q, XIA K C, et al. Dynamic modeling of
boiler combustion system based on online support vector machine
[J]. Process Automation Instrumentation, 2017, 38(10): 30-
35.

[5]  9RBETE, ATAK, B, 5F. BETHELSIFE LY s
HRO AT [T]. P E L TR, 2017, 37(3F)1)
123-128.

(6]  ZER, R&EM, RT . FETZI08MmIH 530 0K B i vk
B O B ki TELR RGN B AR AL 1 o IR Y [T ol gzl

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

HEHL, 2016, 29(12): 30-31 +34.

VAPNIK V N. The nature of statistical learning theory [ M ].
New York: Springer—Verlag, 1995.

SUYKENS JAK, VANDEWALLE J. Least squares support
vector machine classifiers [ J ].
1999, 9(3): 293-300.
SUYKENS JAK, BRABANTER D J, LUKAS L, et al.

Weighted least squares support vector machines; robustness and

Neural Processing Letters,

sparse approximation [ J]. Neurocomputing, 2002, 48(1-4) ;.
85-105.

DE KRUIF B J, DE VRIES T J A. Pruning error minimization
in least squares support vector machines [ J]. IEEE Transactions
on Neural Networks, 2003, 14(3): 696-702.

R, MBI . 5 TR BT R/ 3 SIS ) A [l U AL ek ik
SRR [J]. R LREEIR S SR, 2009, 29 (6):
166-171.

WA . e/ A ST A AL A AR R TR 4 ] 5 ik BT Y
[D]. Hu: WK, 2008.

FREM, Fk . TEL B de /N T3 SR 1) AL ] U AR 5
[1]. Bl 5P, 2007, 22(2): 132-137.

BRIE, sR/NEF, ZREiM, 4% JET PSO M/ 3 S ff1m)
WHREARE [T]. BBUOREEM (T M), 2016, 49
(6): 955-960.

CHEN Z, ZHANG X X, LI H M, et al. Optimal sparseness
approach for least square support vector machine based on PSO
[J]. Engineering Journal of Wuhan University, 2016, 49(6) :
955-960.

LUO J, CHEN S, WU L, et al. An optimal sparseness ap-
proach for least square support vector machine [ C]// 2014 26th
Chinese Control and Decision Conference (CCDC), Changsha,
China, 2014. Changsha: Northeastern University and IEEE ,
2014 . 3622-3627.

LRI, B, J/NF . —FhRET AR AR AR P s —
Fe ARSI [T, AshfbzR, 2017, 43(1):
132-141.

BB, A, XIFRE, . —FEET LSSVM I IR &5 Bk
P T B E [T]. MO RRIR A B, 2017, 4(4):
42-48.

TEZE R

KK GAFIEH)

1980-, 5, INAREEA, TEAEHRER
BRI 7R A BT IR T B A BRA R T
b, BB BT e Gl
&, BRG] RIS R 5
GEARAL DT TR BETE 5 BF5E T AE (e-mail)

zhangdahai@ mail. gedi. com. cn,

ZHANG D H

(FriEsmt  F4%)





