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A soft measurement method of carbon content in fly ash under variable
operating conditions of SSAE+BPNN

LIU Xinping, LI Bo, DENG Tuoyu

(School of Control and Computer Engineering, North China Electric Power University, Baoding 071003, China)

Abstract: The variable operating condition of thermal power units makes the data show multi-modal characteristics,
which leads to the decrease of prediction accuracy of the regression soft sensor model based on shallow network
structure. An improved BP neural network (back propagation neural network, BPNN) soft sensor method is studied.
Firstly, the original data features are extracted by using the strong deep learning ability of stacked sparse autoencoder
(SSAE), and then the extracted features are analyzed by BPNN. The experimental results show that, the mean square
error of the SSAE+BPNN soft sensor method is 0.135 8102 and the square correlation coefficient is 0.983 2. It is
proved that its prediction accuracy and generalization ability are significantly better than those of BPNN. It is
applied to the soft sensor of carbon content in fly ash of a flexible peak-shaving 660 MW ultra-supercritical
generator set, and the average relative error of the prediction results is 0.91%, the overall relative error is less than
5%, indicating the method has good engineering application value.
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Tab.1 Correlation degree analysis of thermal parameters
affecting carbon content in fly ash (p=0.5)
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FAEREN 0.705 2
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WL 7 75 0.8229
—IRRIE 0.687 8
HEH I B2 0.7319
A 0.7712

2 HE I B dmides
2.1 B4miEs 5 B MR

F 45 2%22 (autoencoder, AE) Jf&— Gl
(P2 5, —BoEd M E M gkilgy, HA iR
FIAELR 22 ST R FT . AR 400 E gwtid g R A
E. BREE. fil)Ek 3 EMg, HanE 1
JiR e

NS

K& 2

E 1 AE &
Fig.1 The AE structure
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Fig.3 The SSAE+BPNN soft sensor model
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Tab.2 The result of operating conditions division

FARRE SRR

T sdaw s
1 652.56 1931.91 239.53 ABCDE
2 617.73 1825.73 230.88 ABCDE
3 555.07 1634.69 204.80 ABCDE
4 504.51 1480.54 185.87 ABCDE
5 451.73 1319.63 166.96 ABCDE
6 401.63 1166.88 150.38 ABCD/ABCDE
7 351.37 1013.65 135.30 ABCD
8 331.00 951.55 127.41 ABCD
9 269.73 764.75 105.86 ABCD
10 213.46 593.20 87.73 ABC

4.2 SSAE+BPNN 5 BPNN i bE3&E

TR IR FE K E BB & 1l
GRFEA, DRI A 0 E54R v 23 A BE AL HC 1 000
SHAHR TR ZR, DS e 500 £ R Bl i Lde H
WRBHEMOIESE 1 000 A EEE NIRFEA .
BSilE SSAE-BPNN #5584 (A Bk 14, ¥ H 5 ey
BPNN | SR R 3047 L A3 o iR AR S0 N S 50 4 FE
W HE SSAE-BPNN HZmitas 240 3, HEREET
RE N 12, 8. 4, RHE Kk 758 SR i€ i
BRI HCN 4, FREitEf )y 0.10, BP #1445 11
B 29 RO 4, YIZRKEEDy 0.0001, 4 >] %
J9.0.01. XF Tt BPNN RS 28, Il 200G 1
)R B R b, FRFEE A k 3738 XEEEsR
RS Z1 RO 10,

IS 204 SSAE+BPNN. BPNN HE A% KK &
T B MR A B PN 45 2R, 45 2 F0I S A2 () pEAr
fabr W& 3.

< 3 SSAE-BPNN. BPNN #& BT/ i5HR

Tab.3 Evaluation index of the SSAE-BPNN
and BPNN model

A SSAE+BPNN BPNN
MSE/10-3 0.1358 0.7991
R? 0.983 2 0.9013

2 MSE AME#/N . R2 R BREIT 1 B, A7
B RE R 4T . B2 3 7] %01, SSAE+BPNN 15 7%Y f{) MSE

http://rlfd.tpri.com.cn

5 R YEM e R BT BPNN %Y, SSAE+
BPNN. BPNN 70 45 543751 5 B 3 I & B 5
LR XT EL U 4 BT, Sof B2 FRIAR SR Z W 5 AT o

1.4

Bl
1.2 SSAE+BPNN il {&
o 1.0+
ol
41 g.87
% O
o
0.6
0.4 . y
0 200 400 600 800 1000
FE A 5/
a) SSAE+BPNNTA M ih £
1.4-
HEE
1.2 BPNN TR il {i
W 1.0
i
NEL
p
-
0.6/
0.4 - . X - '
0 200 400 600 800 1000
F A& A

b) BPNNTE Il ih 2%

B4 Famphsk 5SESSAZxT Lt
Fig.4 Comparison between the prediction curve
and real curve

BPNN
SSAE+BPNN

Hd 5L
& 0.05

e

0 200 400 600 800 1000

5 SSAE+BPNN. BPNN B3R % #i 2%
Fig.5 Relative error curve of the SSAE+BPNN
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DL #reid, SSAE+BPNN 17 H AT &5 0 1)
ELRPERIBR S RRIE 22 2T B8, X IR B i (1) Tl
R TR Ak BE 138 R LT BPNIN RS AY
4.3 IiFN

4 SSAE+BPNN #E 8L T HE ] 660 MW AL

AR B RPN AR, BRI A
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Tab.4 The field data

BEAS R xu/(tht) XoI(t h) ) xal(t hD) xs/(t D) Xel(t h70) XAt ) xel(t 1) Xol(t 1)
1 35.684 35.558 35.627 35.733 0 0 88.977 85.998 86.671
2 35.807 35.734 35.830 35.715 0 0 82.743 87.236 86.024
3 35.686 35.620 35.535 35.500 0 0 88.291 85.734 86.960
4319 47.338 47.411 0 44.453 47.194 47.457 101.665 100.323 0
4320 47.206 47.437 0 44.364 47.191 47.037 99.760 100.369 0
FEA X10/(t ht) xu/(t ht) X2/ (t h1) x3/(t ht) x14/MPa X15/MW x16/C X17/% yI%
1 85.911 88.026 6.237 1 159.502 20.998 410.052 115.050 4519 0.729
2 86.737 86.509 5.978 1169.749 20.883 406.677 115.150 4.559 0.725
3 85.794 84.247 6.171 1151.444 20.784 404.034 115.250 4724 0.720
4319 96.429 102.275 99.374 1 952,696 27.158 657.748 111.700 2.762 1.078
4320 97.437 100.486 99.277 1942.549 27.166 658.085 111.750 2.983 1.077
700 18
HSE
& SSAE+BPNNTi il {t
= 600F s
= 3115'
& E o of
& 500 i
& >
=
400
0.5
300 . ‘ : . : : % ;
0 1000 3000 3000 2000 0 1000 2000 3000 4000
BE A A FEA /A

6 —HRRETELL
Fig.6 The one-day load variation curve
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Fig.7 The prediction curve of carbon content in fly ash
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