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ABSTRACT: A dynamic modeling scheme based on the
hybrid data-driven algorithm was proposed to determine the
delay time and improve prediction accuracy of SCR model.
First, the original production data were preprocessed. The delay
time of each variable was estimated with the maximal
information coefficient algorithm. The data were reconstructed
based on the delay time. Then, based on the input variables
selected by the combined feature selection method, the input
time series was decomposed by VMD. Finally, the hybrid
dynamic prediction model for NOx emissions of SCR system
was built combining ELM and the error correction model.
Experimental results based on actual production data show that
the MAPE of predicted results is 2.61%. Model sensitivity
analysis shows that besides the amount of ammonia injection,
the inlet oxygen concentration and the flue gas temperature
have a significant impact on NOx emission, which should be
considered in SCR process control and optimization.

KEY WORDS: selective catalytic reduction ; maximum
information coefficient; variational modal decomposition;

data-driven; error correction
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A 25 SN AR 4 A A A 4y T R . kA
4R SCR 2R 48 P 4k 27 S S B4 782 H 11 NO,
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ST [ SCR RGM BN ) B, IE o0t Z AR =
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2%, ME DL B SR AR 77 bk AT 78 22 PR T T
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PR RN N T AR 2K . XI5 SRR T %
/N —- 3 (kernel partial least squares, KPLS)fx 7!
dit 2ty o) . BRI EST, AT SCR
JRAE R G . AR AR AR P X IR AL R AR
PRI RE T NOK AR i I BB I L, $RHY 15T
B /N 3 3 FF A) & 4L (least square support  vector
machine, LSSVM)INBUERE )2 BiRL dps 52 . Jk
TN T2 [0 28 (10 U0 A5 R 9 0 ok 1y 87 P 1) #L
e, L0 2 A% S e B RS AT HUdR
I3 N T4 % (artificial neural network, ANN)
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SRR, FEERBEIE PR ENE B, A
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Fig. 1 Schematic of the SCR system of
a power station boiler

SCR J i AT LA Rt AR HE O < NOy [
B, R RERE TR, /£ SCR R4
e I S B AE I8 1 kAT R .

2 SCR shZsfumi=Esy

2.1 HIETRIE

L i) 4 A 24 il & 4 (distributed  control
system , DCS) fil I % 15 & & 4t (supervisory
information system, SIS)it.sk T K& )/ Sig 1T 4,
VB IX BB L ER A T . B SCR
NO VA FEAE 9 TR AR 2 (% HH AR B, Jl I HLEE 3 #7
R ) 15 MR N RIERM AL E . DL
10s AHIBGIL S H 9210 HEHE, HhHLAH T i T
R BARAS o H R T A A SR BB TR
SSREM W, XL P LR S R R
SR FH 4 326 v U POV e 44 A8 B P S AL, AR
B E I BT 5 AN R P EARE FE A,
DAY B 5 A6 TR RN R AN RIS, A B 5
HEMSAEEEWE 1R, LR RSN
Fo R IS, TR BE 2R 4T min-max 19
—ALALPE, # AR VT E G —[0,1], tHE AW

1 X~ Xnin

X = ——min_ L

Xmax ~ Xmin

A X RRHIER x H— I EREHE s X0 AT X
I3 R AR B x ) B AR AN e/ ME
2.2 tHXSHIERATE

B KAE B & % (maximal information coefficient,
MIC) & — Pl 548 & 2 (A E L 1 5% RN GL e 4%
HIE A TR R AR & 2 [ S5 B .
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Table 1 Operating range of the parameters related to

SCR
R4 AE A3 b4
H 1 NO, #E/(mg/Nm®) 21.378~37.241 Y
A1 NOGIRBE/(mg/Nm®) 89.921~317.043 NO,
PNE NI 3.673~5.856 Oain
AT CO ¥ JE/(mg/Nm®) 4.275~864.527 co
JAS IR E/(Nm/h) 115.333~149.616 F
N HARSE FI/kPa ~1.155 ~ -0.549 Pin
N AR EEIC 350.000~371.427 Tin
g &/(mPh) 43.813~129.658 Q
TR KL ELIRA 0.220~0.708 3AB
H FHE AU I /kPa -1.614 ~-0.979 Pout
H RS C 350.876~371.053 Tout
H O, W% 3.566~6.161 O2out
k3% /ppm 1.878~2.379 NH;
HUA Fgr MW 765.312~967.453 Ne
SRR (tUh) 251.343~357.814 TF
R (Uh) 2783.210~3406.900 TA
Mo (xy) = max — %)) @

xy<B(n)m

) = og PNy
(9= 3 ZPoIGETD @

A 1(x, y)NEE x Ay Z [ EAS B p(X).
P(Y) NI GMEZ 5345 p(x, Y)NEREHEZ 50405 B(n)
BOR B NEIE R n 19 0.6 KT AL

SCR RSt FIH) NO, i S B 2 il i 41 < HE
T % 4 K 2 St (continuous  emission  monitoring
system, CEMS)MEMRIK), HT HAAFAAERKK
FERVE L, FEUH DAL NO IR BEM A7 /E— E I
R 1T, [ SCR S As A R A 5 N7 B 15
SR A B BRI AP, R SCR R4 E
A IEIEFFE, DCS Hdhs e Hhad S 1 2 /Tt I 21 ) da
AN BEIFARRAERA TN SCR R 1 NO K
y(t). 4P IERIBITH, BT CEMS HUFFE 2k
R ] 58 S w2 i T B AR E a8 4T, MRl SCR
1 FE 2] CEMS Mot A PR PR B9 2 1A 19 45 DR 3
FEURIEIR I A AN 2 R AL R 2R A, i RS R
FH Mic 73 T @ AR Hh A0 B IR EE A A 5
T NOy I FE AR 2R AH oM, 1 B & AH S S HUE X
T NO R ) e A TR N 8], SR J5 BEAT AR AL
PEER B, PR AL IR I B) 0 AR PRI 52 00

E SRR AR E AN X, b AR E
NY, Ho X =[x (), x, 0], Y=y({t), m A&
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N EMGER, t=1-N, N AYEBFEAL. 1k
TE Sl 85 CA AH 5 SR S i P s 47 % 28 42 56 1 ik il
W E SN X (1) R REIRIN %1 k, fEAEIR
I 8] Y [ N AR B X (t) 2 R A SRAE 1] B 44 1 sk
ITIEIRFE A AL B, 15 30485 X, (1) 1 k HEM
B, FoRA X (E=1), -, % (t—K) o« LU, KKIHH K
FIHEE R4 AR B y () 2[RI B RAE B R 2 MIC,
XF R MIC B e KR — 280 5 81 A Y y () 2 [
FEL A AR B B R, HONS B PR SE SR IR [ RTA x (t)
FR) B A IR I A], 6 PRSI BEAE AR & X (t) I
EART Y, A5 X () BEMER4ERTI N 1. %
MR SRAT 4 Bl N B (P S SR T [, 75 380 A A A
Hatk.

H1T SCR Z %t HLA i i S S A7 AE ALK S IR N
], It SCR R4t N AR RN H A S M A E
KIGERTEH . WEVAFA . SE SRR
ZEIRJE A 300s, HA SCR RA NS EMLER
U Bl B M 600s. H1-F M DCS 5 thff5#i LA 10s
TR R DRI X P AR R ) i KRB SR I 2107333 9 30
AN 60, I HFEIRITHRE S RANE 2, Hirp SCR 24t
W B Q HYAEIR I [A]Jy 440s, KT &EXE TF
[ 110s, Sl 1 vH5EE R & I L PR AT 15 L o
2 MANTEM SCR HO NO,KE Z BT RATE
Table 2 Delay time between input variables and SCR NO,

concentration at the outlet

S SEIR I (8] AR JEIR I ]
NOy 170s Pout 10s
Ozin 10s Tout 290s
CO 300s O2out 10s

F 50s NH3 10s
Pin 20s Ne 130s
Tin 260s TF 110s

Q 440s TA 30s

3AB 30s — —

2.3 HEFEREFEEE

A LA S5 2 (R ATLER 7347, SCR H 1 NO Jifi &
WREEZ AR Z SRR o BOHE IR B AR AL 388 3 %) AL
BRI, 5INTUAAS B2 FARAR R ) T RS A
BINIZREr ). PR, 7% AT REAE e B 50 B )
UM SR I TUR AR & . A FERHEE R E R TR
HAN A S 80E B R ERE R RS AEER, §
FH B — R I B S M DAME A A T2 9 52 SCR
H I NOIKZ B IR & o LR A 2 AT
PRI E B BV B A BRI IE B T &, Kb

5 43 25 [9] 9 ¥ (classification and regression tree,
CART). B#LAR#(random forests, RF). W{ttH
P T+ (extreme gradient boosting, XGBoost)ZF 5.2,
BARFP IR

AR L RIEHLE T, WIEHE 15 ANF2E
SCR i I NO, WK HI AR B AR A i i R A2 &

WRR 2. A RMEA AL 3 FRHIE R B R E AT
&k, 135 15 Meik A & i) B 2L H P 4521

AR 3 W RAREA 3 FMRHMEIE R EIE FIE
VRSSO RME, 1EZ R B R & R
S5

AR A WA S SIHLER 73 B R UE R A
NOx 2/ NH3 &5 T2 [ N A 5 A A5 B ) R iR AR
B, NEHRE SRR RAEEMASR, #1720
S, WE M TR SRR S

R 3 R MR BAE 3 FURFAEE FEBE T A —
W EEEGE R . R 3 AT LUE H, ARFZ0
TR AR B (AR AN E, 140 CART 5k T
HH AU D B SR B v T R 2 MBI, RF
SRR Gl AR ) A A o T LA B A R
XGBoost Hi%: ™ N 11 NO K FE 1) 5 L B A T3
PR EEE . X 4 RERY, R AREIE R H
TRIEIFE A ZE R, AR Lk 1t A B S
HILECRZE 5, A 2 DLAE B il &AM i 176 A2 5 0)
SCR H! I NO, I JEZ HI S AL

*x3 BPHERFREENEEMER(A—URE)
Table 3 Sorting results of importance of single features

selection algorithm(after normalization)

AR CART RF XGBoost
NO 0.241 0.159 0.055
Ouin 0.21 0.254 0.189
co 0.305 0.096 0.068

F 0.176 0.032 0.019
Pin 0.165 0.041 0.025
Tin 0.361 0.304 0.302
Q 1 1 1
3AB 0 0 0
Pout 0.186 0.021 0.029
Tout 0.301 0.315 0.506
Oaout 0.2 0.152 0.25
NH; 0.144 0.118 0.187
Ne 0.249 0.151 0.218
TF 0.126 0.089 0.077
TA 0.311 0.183 0.204

K 2 2HAREEFEFEENLE, BT SCR
HU T NOy s AN 111 NOy 28 it il 225 & AL PR 5 7= A2 1,
BELREE N NOL R FEAE NRFIEAR & P48 SEIR VA
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Fig. 2 Sorting results of importance by
a combined feature selection algorithm

24 TREESHE

M IR A RE IR R B I 25 AT AN, Ina &
Q 5 SCR i 11 NO KA KA L B v, (H A2 H
T SCR Jihg [ 2 52 FIHLAL 47« I EALFIZEAX
Z RPN, HINEHE S s E R,
Rtz & Q BA et JE4 k5 FRr al, H
A0 R E I S B AT, S8 7 e 22 [0 25 T
B AF AV R BOR RIS . R B 0 il
(variational mode decomposition, VMD) & X #k[19]
R — MG T ML, FTLRHE S i 2 A
A R 8 B A 20 B LT DL s B R
VMD 73 i ] LLRHE 5 73 i dia e MRS 7 &
IMF, Hf U5 5 e A (5 S 24T 5B, AL
)7y B R AR1E 5 AN SRR RHE R H 1. S viih
WA S S SN K SR 5 HEAT VMD 73 fif
BEEE S E MR, IMF ;. HGHER G —1
B 73 B IMR MRS 5 Z IR AR R R AL P 444
P /NTHEATRE FIRERT, RIS 55 — AN o
B IMR MRS S B RIEEUN, AR LRIE R S
P IAE R, WS IR, 5 MBS SN 1 4k 2k
BEAT o, BRI IR, VMD 43 fifin i K
WK 3 frvs . H & Lk VMD 43 f#15 2110 7 & IMF,
TEN 5 IR MM R BN TS r E 5 B, A
IMF,,---, IMF_, fRE 545 5, MIIE 2R R[S 5
RIZNBAE B E 1.

D
A R SX

| %}Jﬁ‘ﬁ{h’f;‘ié\iﬁj\ﬁ%‘%ﬁ(K
HATVMD i, 15328 & KoKl
IMFy. . . IMF,

¥
[ HFELIMERIX 2 18] AR 55 2 5P |

P<i%E B

3 VMD SfERiEE
Fig. 3 Flowchart of VMD
A, WEmAERESNE0Y 6,
SERWE 4 PR Lib, S A RHEE R R
R, FRTINEURE Q HEAT VMD 40, 73]
TRDUASE AR (6 g N Kl

singal
IMF1
IMF2
IMF3 &
IMF4

IMF5

8000

0 2000 4000 6000
FEAR S

El4 MEEH VMD SRER
Fig. 4 Decomposition result of ammonia injection volume
by VMD

2.5 FUMRE
251 MRIR2IHL
2 B 36 27 =] H11%Nextreme learning machine,
ELM)FI&5 i 5 Fow, & —MEpiREaimpes
W2 o BRI N AR (X, y;) » H o AREA A
B HAEA T BN X =X, Xigr X 1€ RSy =Yy,
Yior Yiml € R™ 5 B B2 #2280 I U s 0
g(x), W ELM @) B AR BRI T
Stepl: BEHLBEE S ABLE w, FEETEUZ i E b
i=1--- L, LAKBZZETTAE
Step2: T EREZ B M HHE H;
Step3: MM E L. B=H'T, H H.
BT ZHLL N A5
H (W, Wy, by By X ooy Xy ) =
g(Wl').(l+bl)"'g(WL‘Xl+b.L) @)

g(w, - xy +by) gwy Xy +b) |\
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Fig.5 Structure of extreme learning machine

B=| i | T=| : (5)

TR U AR RO 28 b 21 B AR AR 3 1 SR
ERFEAR &, AR 0 WA 3 R SR IR 2 B AL
B, SRS, @IS FCY VMD-
ELM, N SCR H 111 NO I B s F i X T

yp=Z[tanh(Wi X+0)- 4] (6)

X = [Qint1: Qime 20 Qi 31 Qi 41 Qime 50
T T OZinlOZOUt’TAi Ne,NOx]

HH: y, 4 SCR H I NOX W EE T tanh(x) A
W EVIBOE R x B AESE: Q)
Qs NNAEIEES D& w e RUAMNEME
A | AT ME: g e R NEGEZE T
551 PR ORI B R A
252 REBIEHER

T HIRTE VMD-ELM K2 f T A
FMSE AT 3 B L2 T 0L )AL, R FH R ZE 44 1 (error
correction, EC)#Hg&, RILL VMD-ELM A FH0 %
ZENWFF G, BT ARZEAE IR LLTN t i %
w2, IS0t % VMD-ELM B T, 75
B2 SCR H 1 NO IR E I TIE . RZEEIE
FERLA SR ELM, LL VMD-ELM B FINR 2
AR, TR Z AW R

e(t) = yn(t) -y, (1) 8)

At et) A VMD-ELM TR y, (t)
AR 20 (T s y,, () M AT 2 ELS L, I
PLRT 3 B ZI A TR 22 e(t —1) » e(t—2), e(t—3) &
VMD-ELM H A $i AAE iR Z 5 B 5N o
253 RTINS

¥ VMD-ELM FERURTR 245 1E R (EC) 4L,

(7

() V& & T A5 A (EC-VMD-ELM) ] T SCR i [
NO HERCR TR, R & @7 ZHIHES N 6.

| e R
: : e(t-1) e(t-2) e(t-3)
|| rsis R e | !
| |
L[ wmamsin | A T B A
7
| s, mmaa
| 7
| mewwan |

ELM
+ | eV

A

Yiybria(t)

El 6 SCRIR&TUNREHELRE
Fig. 6 Framework of SCR hybrid predictive model
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DM SIS &G+ LA 10s M IaIBE T H i 5281740
W, FER AR AT AL 3

2) P& KAE R R E S B EN RFLER
R R), 2 4 3R A 1) 2 ) 55 B8 5

3) I 2H B R IE I H 7 A0 re A 2R i N AR o

4) SHINEEBEAT VMD 2, 2H ok B A\ 5
X () ;

5) I VMD-ELM AT t 5 %1 1) SCR
I NO K E v, (t) 5

6) K AT 3 I ZIfIiRZ e(t—1) , e(t—2), e(t—3)
SANEHE X () 1E 9N, FIFH ELM 153
t I ZIRMEIE R Z e, (1) 5

¥y, (t) FUBIERZE e, (t) B IN4F 2R A 4
R AR Y i ()

3 SWERSSH

KSR MR 7500 HEHERENIIGE, 5
1710 A E IR MRS #H2EH ) EC-VMD-ELM
i 5 DNNECL, RBENNEY, SVREA 470 b sz ,
DLBS UF A AR A 25 1 o 00 P A R 3k AT PR RE VR
B, e 812 4 %6 R % (Mean Absolute Error, MAE).
177 1% % (Mean squared error, MSE). ~“Fi4a%} i1
43 Fb % % (mean absolute percentage error, MAPE){E
FVEAERR, HAitE AT

13 5
MAE :WzlYi =Y | 9)
i=1
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55 9 1 JEEAR I
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MSE =—Z(Yi -Y,)? (10)

MAPE = NZW m x100% (11)

i=1 i

A NOATRREREARNEG Y, Sebrll B Y,
B TR -
3.1 HEXSEIE IR BT TN L5 R 5200 53 4fr

N T B UE BT R A B T A D6 S B IR ) [R]
A W, AR A ELM. DNN. RBFNN. SVR
S5 BE 53 T X 2 RS A 0% 2 HUCE IR B[R] AN 5 & AH
RS HGGEIR I [ (1) P Fh 58 S R AT A T, o

A .

E G FEIEIR I (B MR R Yo A FESEIR I
I R0 46 9 N, B 8235 R 28 1 R AE S8 13845 31 11
8 MNRINAZR, A THIARERYBE T Py A Hdls S A
IS HREE— B0 N E WSS NOK FRIIE Fl S B
MR ZRERE, Zeflin B 7 B iR A i
DA A BS RE,  PR A 2 B AR I E (E A
(EUAH S5 () P AB 2R, DU S0 2 AT AL T2 ol 1
SR AR 2 oA, TSR B R . I 7 TR,
B FEAE R IR N K S HUE IR I 7] B4 42 1 70
TS AN E AL AFAE R ZE s (£ 75 R HE IR I [R]
Ja, BRI TN 15 20

—ah ELMﬁLx_Hﬂﬂ o DNNF ZER R[]
534_:@ ik 534_@%&
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Fig. 7 Scatter plot of measured and predicted NO, emissions value of different models
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Table 4 Comparisons of NO, emissions predictions errors
by different models trained with two data sets
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Table 5 Comparison of model error before and

after feature selection
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The NO, emissions of coal-fired power plants cause
critical environmental pollution and endanger human
health. The SCR system, with the characteristics of easy
installation and high denitrification efficiency, has been
extensively used in the post-treatment of the NO; i.e.
emissions of coal-fired power plants. However, due to
nonlinearity, large delay time, and strong disturbance of
SCR system, SCR modeling is a challenging problem.

Aiming at predicting NO4 emission at the outlet of
SCR system, a dynamic prediction model based on
hybrid data-driven algorithms is proposed in this paper.

The flow of the proposed modeling algorithm is shown
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Fig.1 Framework of SCR hybrid predictive model

The modeling steps are as follows:

Stepl: Collect the actual production data from the

SIS system. The sample period is 10s.

Setp2: Process the outliers in the modeling data.

Step3: Estimate the delay time between each
relative variable and the NO, emissions at the outlet of
SCR system, and reconstruct the modeling data
according to the delay time.

Step4: The input variables of the prediction model
are determined by using the combined feature selection
method.

Step5: The ammonia injection amount is
decomposed by VMD. Combine the decomposition data
and the remaining variables to form the input dataset
X(t).

Step6: Build the VMD-ELM model to predict the
NOx emissions. The initial prediction result is denoted as
Yp(®)-

Step7: Build the error correction model to correct
the prediction result y,(t) of initial model.

Step8: Get the output of hybrid predictive model by
superimposing the initial prediction value and the error
correction value.

Experimental results based on actual production
data show that the MAPE of predicted results is 2.61%.
The proposed model has high accuracy in predicting the

NO, emissions at the outlet of SCR system. In this

abstract, Fig. 1 is on page 6 of the original.



