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Prediction and analysis of bed temperature on circulating fluidized

bed based on particle swarm support vector regression optimization

HUANG Chun~ing ZENG Qing-min CHEN Ling-hong WU Xue~cheng CEN Kefa
( State Key Laboratory of Clean Energy Utilization Zhejiang University Hangzhou 310027 China)
Abstract: In order to optimize the bed temperature control of circulating fluidized boiler( CFB)  support vector regres—
sion ( SVR) artificial intelligence method is used for modeling and prediction. To improve the accuracy of the predic—
tion results while using mutual information law ( MI) and principal component analysis ( PCA) as input feature selec—
tion methods particle swarm optimization ( PSO) is used for parameter optimization. The research result shows that af—
ter data preprocessing by the MI law and optimized by the PSO algorithm the SVR model can accurately predict the

bed temperature changes under different operating conditions and the prediction error is little with strong generalization

ability.
Key words: circulating fluidized bed; bed temperature; support vector regression; particle swarm optimization; feature
selection
CFB
( circulating fluidized bed CFB) CFB
N N . CFB
'. CFB
850 ~900°C
, CaSO,
> . CFB
2 5
12021 -12 -13
(1997 -)
E-mail: chenlh@ zju. edu. cn

2022 3 -1 -



CFB

! ’ (3) N
8
7 CFB
N CFB
CFB
( artificial
neural networks ANN) ( support

vector regression SVR)

SVR

( structure risk minimization SRM)

ANN o SVR
& Min-Max
12
130 t/h CFB
1 .
CFB

-12 -

(C)1994-2022 China Academic Journal Electronic Publishing House. All rights reserved.

( particle swarm optimization

PSO)
SVR
o TERATL L
W A 2 phetar
itk P B
A -
ik SVRAEH
BHE R I BT
1
1
130 t/h CFB
Y \H
2
3 4
2 CFB

http://www.cnki.net

CFB



3 CFB
2
2.1
SVR ( support vector machine
SVM) SVM
SVR
SVR
fx) = weep(n +0b
o:R"—>F weF (1
b o (1) SVM
(2) :
NE N .
min{ - [w ] * + 03 (& +£) ) (2)
=
y, —wx;, —b<g +&
St:{wx, +b -y, <e +& (3)
& & =0i=1 -1
c>0
'gl gn* y €
. La—
grange

max [ =15 (- a) (0, -0 ) KX, X)

ij=1

K(x, x;) = exp( — [lx, - xj||2/20'2) (7)

o
PSO
- PSO
PSO
PSO °
(1)
(2)
(3)
V, =V, + Clrandom( 0 1) ( P, _Xid)
+ Cyrandom(0 1) (P, - X)) (8)
X=Xy +V, (9)
o PSO
C, C, C,=C,e
O 4 |X£(l ! d ! V“l
1 d ’ Pi(l l
d ; Pg(l
2022 3 - 13 -

(C)1994-2022 China Academic Journal Electronic Publishing House. All rights reserved. http://www.cnki.net



(4) 1
’ 4 t/h
kPa
.tl;
E’ km’ /h
N ; - y Hz
wiatt, WERTFEERN,
WGP E . AIAGEEE
TWREEARCTH HARREL, 3REBSRF0 485 A
MRARL, FREVEEANRLFHERY i 4 e dnct et
I » %
A
2 DCS
RATIR BN L A
N R
1 24.81 39541.28 5.45 | ------ 13.57
| AR | :
2 24.33 38557.38 5.53 | eeeeee 13.16
3 23.81 37510. 06 ® | soooco 13.28
25 4 23.53 36637. 14 © 29 || eoooeo 13.97
s e
2163 27.08 37434. 15 7,53 || eoooco 14.36
2164 27.21 36411.45 Yo7 || eoos00 13.84
3 2165 26.82 37511.89 7,38 || evoooe 14.52
2166 27.18 38099. 58 WSl || oooseo 13.97
3.1
CFB
CFB
N N . 13 DCS
1
) X xmin
fia—oy=""""— (10)
xmax - xmin
130 t/h CFB 1 .
DCS yeR" R o
3.3
3.2 E—
DCS 2020 8 1
0:00 2020 10 12 24: 00 2348 . 14
2 2166

- 14 -




3.3.1
( mutual information MI)
( X 9
(XY) ~plxy) XY 1(X;Y)

CFB
0.2 11

0.00< | r| <0.10

0.10< | r| <0.20

0.20< | r| <0.40

0.40< | r| <0.70

0.70< | r| <0.90

0.90< | r| <1.00

3.3.2
( principal component analysis PCA)

PCA

14 PCA
80%
( 6) o
6
3.4
75% 25% .
SVR
9 g
PSO
matlab PSO
C g .
C g
C ¢ C
C
C g
17
PSO
7 8 MI
1C=4.7682 g =1.4134;
PCA € =0. 1000
g2=6.0163.
C 18 .

2022 3 -15 -



PSO-SVR
MI-PSO-SVR
o 5
MI-PSO-SVR 4.37
0. 9189
0.38% » PCA
11.52 -0.2219 MAPE
1.04% °
7
9 SVR
8
3.5
RMSE = |23 (5 = 1)2(12)
n = ' 10 PCA-PSO-SVR
2 (y, _5’)(5/1' _57)
R = = (13)
\/Z(yi _y)z\/z(&i _57)2
i=1 i=1
MAPE = 100% 3 17i =y (14)
noi= Yi
JA’L' Yi °
9- 11 o 11 MIPSO-SVR
- 16 -

(C)1994-2022 China Academic Journal Electronic Publishing House. All rights reserved. http://www.cnki.net



5
c g R RMSE | MAPE
SVR 0.8979 | 4.87 [0.41%
PCA-PSO-SVR |0. 1000 |6.0163 | -0.2219| 11.52 |1.04%
MI-PSO-SVR |4.7682|1.4134| 0.9189 | 4.37 |0.38%
4
CFB
130 t/h CFB
CFB
MI
PCA SVR
DCS o
MI
PSO SVR
1
D . : 2016.
2 M .
1998.
3 N M .
2004.
4 M .
: 2009.
5 HONGF LONGD CHEN]J etal. Modeling for the

Bed Temperature 2D-Interval Prediction of CFB Boilers
Based on Long-Short Term Memory Network J . En-—

10

11

12

14

16

17

18

ergy 2020 194:116733.
D . : 2010.

I 2006 26(9) : 1 -6.
STEFANITSIS D NESIADIS A KOUTITA K et al.
Simulation of a CFB boiler integrated with a thermal
energy storage system during transient operation J .
Frontiers in Energy Research 2020 8:169.
ADAMCZYK W P KOZOUB P KLIMANEK A et
al. Numerical simulations of the industrial circulating
fluidized bed boiler under air-and oxy4uel combustion

J . Applied Thermal Engineering 2015 87: 127 -
136.

BORGES F PINTO A RIBEIRO D et al. An un-
supervised method based on support vector machines
and higher-order statistics for mechanical faults detec—
tion J . IEEE Latin America Transactions 2020 18
(6):1093 —1101.

CHERKASSKY V. The nature of statistical learning
theory J .
1997 8(6) : 1564.

WEI L. CHEN J YAN G. Bed temperature model—

IEEE Transactions on Neural Networks

ing and forecasting of circulating fluidized bed boiler
based on SMO algorithm J . IEEE 2010.

ZHANG Y ZHANG B WU Z. Multi-model model-
ing of CFB boiler bed temperature system based on
principal component analysis J . IEEE Access
2019 8:389 —399.

LIJ] CHENG K WANG S et al. Feature selection:
A data perspective ] . Acm Computing Surveys

2016 50(6) : 1 -45.

I. 2021(7) : 74 - 80.
LEVER J] KRZYWINSKI M ALTMAN N. Points of
significance: principal component analysis J . Na-

ture Methods 2017 14(7) : 641 —642.

MATLAB . MATLARB 30
R .2010.
D. 2014.
( )

2022 3 - 17 -



