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Abstract

In order to solve the problem of operators of SCR flue gas denitrification equipment in thermal power
plants relying on experience to adjust the opening of the ammonia injection valve and reduce the
concentration of NOx in the outlet flue gas of the SCR denitrification system, a method for predicting
the NOx concentration at the SCR outlet is proposed. This method, based on a one-dimensional
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convolutional neural network and long short-term memory neural network, incorporates a dynamic
time warping algorithm in the data processing process. Using the operating data of the SCR denitri-
fication system of a power plant in Qingdao, a prediction model for the NOx concentration at the
outlet of the SCR denitrification system is built. By extracting the temporal features of the data, the
NOx concentration at the SCR outlet can be predicted within 45 minutes. The operators of SCR deni-
trification equipment in power plants can use the predicted results of this model as an important
reference when adjusting valve opening, and adjust it to the current optimal state. The results
showed that the DTW-CNN-LSTM model had better accuracy in predicting SCR outlet concentration
than traditional LSTM and CNN-LSTM, with R-Square of 79.65% on the test set, achieving the ex-
pected results.
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FERIE, KAI5 5 & AL (Nitrogen oxides, NOy) i A 5K ELB, 2 R N AN Y64k 215 eIl 1
B FEEE R, 20k NS BRI IR B CRAP & AR K& F o #Hak 2> NOx IIHRBON PR R 5 Jefe B2 H
BEEZE . FEEEFHRERME R, T S ZE A I RCE SR Rk A, X A 42 1
RGN R BAELAT 1]

M E N — M EERE, SIATWAFE B, FEE BRI Rk, AT BT B 7 ke
AWK R R i B, (A RAE O, T RO KT R
BRI R, B R S A R E AR, A TR a2 B A K& NOL S5 e, KHL RZR
FH e M i 438 JE 75 (Selective Catalytic Reduction, SCR)RH#AKE = A= (MR A HEAT B il AL FEL . T Bk iF, SCR
TZRTEMFIERT, ¥ NOIBF NEAFK[2], KNALELT:

2NO, +4NH, +0, — 3N, +6H,0 (1)
ANO+4NH, +0, — 4N, +6H,0 @)

L NOL R ZE ATk 90% LA b, A HAWEE, S, |k NS SCR B s 4%
W IR T T SRR R A e i, W B A G R R kiR, SRR A, MR A R 2 IE A
AAYHEBCRE I R, R S e — RV, IO 3 R R, T E AT )
TR B TN 8 M 00 5 2 M 00 280 ) 11 NOW IR AT T, SCR I E N — MR RS, T AN Y
I Z 0 [T BE IS, AR L o0 5 A RS LI 52 0, DR b Tl 24 1 sF 220 0 1 HF £ X SCR HE 11 NO
HRPEIIREI G 1 1) T FEE P 42 1) R g 228 ) B R R SR T 22 DG EL 2L

Bt b3 e 5, A ST R T DTW-CNN-LSTM #128 R 2% 1) SCR H S NO ¢ F5 TR A 7Y

2. AXREAR
2.1 KrEHAICIZ R M 4%
SCR W& & KM M AR R 50, AT 210 H 1 NOK IR FE & 1E— B F 2 B A 20 5e i, 1X
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Figure 1. Structure of recurrent neural network model
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Ot:(Vxh) 3)
h = f(Uxx +Wxh_) 4)

RNN ¥ 2% B AR5 R ff B, B 240 [a) 3 4 3 K g Ik, R 7R 2 5 EE BB R W 2R 25 1) JE, [t AN
TR KA F 5. KAERIC 242 W 4% (Long Short-Term Memory, LSTM)/& H1 Hochreiter Z57F RNN 44
Pt b b ok, 80 TR CAZ T TR T2 . LSTM 4 5 44 Hh (1 1) 46 M ke 30 8 B (R VR
Xof Ik A I Z2 4 0 0 FRDPR 25 A H R =2 T PR A a0 R ORI A R ) e B OR B AN 5, A T d it
THEINEE MBS LM ERmE 2 BioR, KA R n=(6)~(10) R .
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Figure 2. Structure of long short term memory neural network model
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fo=o[W, (hx)+b; ] 5)
i =0 [Wi(h,x)+b] (6)
Ci = tanh[W, (h_;, % )+b, | (7)
¢, =f oc, +iOc ®)
0, = [W, (h1,x ) +b, | ©)
h, =0, Otanh(c,) (10)

Hor, fooois o o RINBETT, BT BT RIZAIRE: h. oo NBREEMMR A Ko
AR W b AR ERE KB o tanh 230504 sigmoid BR%L % tanh B%L[3]. LSTM #2044
EIRAE— EFERE E ARV RNN 28 A7 5 IR FE V8 2% 0 T L, (L2 76 TR0 X B [ B K PR IR i o5 ) )
K, TTRES H B  SURRAE A AR PRSI L, CNIN M ERFAESE IR A 78 0 LA, TR A S i
FHI CNN P28 % LSTM ¥ % 1347 24033k

2.2. —HEFRMERLE

LR [ 4% (Convolutional Neural Networks, CNN){E y—Fft L8 (3R 55 2 3] ik, gl 32 S it
B EUR, HAZ ORI ERZ RS . S B3 IR 2% NS T i 4 R AR E, TTRAK
W 2 Ul D> 2 O PR AR 0L A UK o A J2 BE A 0 A6 AR T 5t O B 72 DR B A 02 K 20 B LR IE 0 Ak
AT, BRIRMIZR AR AL, /MBI R /N4] [5]

— YRR ARZE [ 4 (1D Convolutional Neural Network, 1D-CNN) &5 R 1122 /X 45 () — S b, 2545 4l
eI 2% 38 T YR REAT BB, T L B2 0 45 U T 06— i e B AT A B, P
KN BLAE —YERFAE BT ERERAE, i 3 Ps[6].

)L

/
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Figure 3. Structure of one-dimensional convolutional neural network model
Bl 3. —4ERMEMERBILEH
SCR A sV E N — R R G, FLh AR IS HO HE 1 NO« R B R 8 2 b 2 A7 FEAN R R B )
ISR, MM AT EARRENS L — @R R S BISEIRAUR,  (HZ M2 SEAR (157 >0 7T g 2 Hh 0 22
SN TR G R A, DA S 22308 DTW SR N B 3T AL B, SRAZ IE W 4% 7E 5% 2
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2.3. shASRIEAEERE

B [A] B 52 (Dynamic Time Warping, DTW) & — R F T 18] 2 51 UG R 5925, e SR v
PRALIAE B R 2, H T H R 78 [ 55 4R — AN R RO R, TP ANAS [F B 1)
FIR] AT LU . BRI AR : KA 75 B LU T [B) PP B AR N0, S, — SR RS R R, 1% E )
T TCEALE TP HIHR A NG ER 2 AIMFE S, 7ERE SRR R B — N B ARG S AR BT, #%
FRAE IR 751 2 B R S5 X 55 o DTW VLT FH I RE AL R - 1) R 5 £ R SR AT 8 Y A I 1] 7 31 2 Ak 2 [
BRI, X =X X0 Xgreon X |~ Y = [V Yoo Yaueens Yo | 28Ry mu 0 OISR 41), 3L DTW BRES
X (11). (12K

p(mn)=d(x.y,)+min{p(i-1 j-1),0(i, j-1),0(i-1 j)} (11)
DTW (X,Y)=g(m,n) (12)

b, d(x,yy ) x By, Z IR, I o P RCGRBE B AT THSE[7]. DTW BUATHRER, fEAbEIAL
I 8] 7 B 3 LA B2, (HR HL BB NS A PP A1) 2 1] I ()R A5 K d%, & T 237 (8]

3. SCR FifH i &t Ok & Fm =8y
3.1. HiEFmaeE

AR SCARER R R BT S K R AR AR, 0 S TOAL R ) B R T

(1) BB . MKH] SCR WA KA B AN R, (HRAIIRAEAET o Bl oo, &5
KA RPN SCR H FIRFEERA MY, EREN IR 0, MHEMINGRANE, ¥Ki%b
AL IR

(2) BHEIH—Ab o BdE 0 — AT DR 46 203 rh BOR Y P B 36 R R M), 32 v AR V) R T 52
FFRI RS HEBE[9] 0 A SR min-max H— 75 B i A Z s 48 1[0, 1] X 0E],  Ha X=X (13) s

_ x—min(x)
max (X)—min(x)
(3) THHEAEIRKSH] . SCR W& N—A KBRS, AR S, ARSHT % SCR &

% H AR R BOR SAFEA FIREFE AR, TP T S AER I (7], REAS il 0 45 B 4 o7
> BUAN TR AR X i L RS AR 520, AN R AL SR (LS SR I (RIS 2R W 1 s

45Kt
4

A NE

(13)

Table 1. Optimal delay time for input features
= 1 WAFHER TR AT

24 FEIRET [ (s) ZH FEIRET [ (s)

#4 RKAEHA T H 359 AA FIRA T SP_NOX 2

4A R BEA N FUR AR E — 138 AA FIREWRMT I ER S 65

AA [N FHRASIRE = 141 AA EIRA RS T B Rt 66

4A R PEFFN AR E = 142 AA R P A R SN A 167

4A Ni2§ N 1 CEMS 45, NOX 4 AA AR S HER 7 353
AA J B3N 1 CEMS S NOX (F4) 6 AA [N AS S S A S I 0

AA R PBEZEN DA R & 358
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(4) AEFTEENE DR B o XTI R 7 ST, LSTM #4500 £ 75 2 Mot A2 i ) PR B S5 0S4 i
I ZIHEAT T, 5 B Bm At AT R 2y, B ET AP K EE DY 150 AP Eh & 1, X EE AT AR, £
B AT UL A A B £

3.2. ERAERE

PR L RAEFIR) SCR it R 8 AE A sc i, &g Bid R )G, SRISIREA, KHH
89%ENUNZRFEAR, 11%1E N TIMIAEA

VT AGASE AR TR0 R A7 2 Yol 5 SR AR T LS 2 R 22 5 o AR ST S 3 4656 1% 22 (Mean Absolute
Error, MAE). 75 fi%% (Root Mean Square Error, RMSE) A1k 5 R ¥ (R-Square, R2) %} 5 74 sk iff 14 3E 1T 1F
filio FoH MAE R SR s B TR0 52 22 1 S B e, ILaX(14), RMSE FH kel & W IAE 5 52 bR 2 1] 4 22
WA(15), R2 AT PR BAL G BE,  ILA(16) [10].

MAEzﬁéym—&‘ (14)

RMSE - ,/%Z(y ) (15)

A~

2 z;ﬂ(yi —Yi )2

Rzl (16)
Zi:l(yi - y)
o, n ATRINEEARIISCR, v ORRSEIIMIEE, v o AR T, §/i R T) B SE .
ARHEER DTW-CNN(ID)-LSTM M8 1 MaANZ, 1 MERE, 1MLE, 1ANKERHEZ
EM LA )R, BRI 2 s

Table 2. Struct of DTW-CNN-LSTM model
%< 2. DTW-CNN-LSTM 1554y

ARREERY 24

ConviD R E: 32, BRULTE: 3
MaxPoolinglD WAL E 5 3

LSTM M2 TTANH: 4

Dense i oTH: 1

EAZ 5 IS R AN BOSEAN R A AT INBCRAT, - SEB  a \ B JR B, 2 1T i By A\ 4
PRRFAE, A ReLU i R HOn 2SN 1 EAT ARV E AL AR B . U KAV T IR (3 A . RIS
ARBERZ KNG DU SRR ZRE P EARKGE SR, ASCEFA R KD LR KSR
GRUZ R B G TR, IFER TS B A R s m, DESRBCE RSB E R 2 BRI E & . K
SCR i 1 NOx iR FE TN 5 S B E AT X EE A, PSS AR AR ) 4 20

NBIEE A, RGN L2 IR . L2 TN f s P — AR AR, SRR AL
(Weight Decay), A 515 2% o8 80 VR0 1 WAL T LB (B R, AR AR B~ [11]

3.3. FERNINELSEE
ACHE Y DTW-CNN-LSTM 485 R 5454 LSTM A2 CNN-LSTM XSl ZRFEA 4T 100 564004,
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Figure 4. Prediction results of NOx within 45 minutes (different structure of neural network)
[E 4. 45 5330 A NOX iR B FUMIZE 3R (5] W 4% £544)
Table 3. Evaluation of model prediction performance (different structure of neural network)
= 3. BETUNHRITN (T EMLE L)
IR MAE RMSE R2
LSTM 0.0613 0.0701 31.89
CNN-LSTM 0.0452 0.0518 53.10
DTW-CNN-LSTM 0.0214 0.0297 79.65

N T TR R 2 o0 B SR RE M, AT S5 R S 4 R R B AL S RO S E, M AN G

TR EHH CNN-LSTM £ AR SCR 4% H [T 45 434 N i B A AL Wik i ik

4 FioR, 2RI BRI RS 5 AD Bl — M REA AL

Table 4. Evaluation of model prediction performance (different layer number of CNN)

% 4. HEEFUNRRIFN (R CNN B#)

AT, S5 Rl 5 Ak

BRI MAE RMSE
12 0.0214 0.0297
2 2 0.0224 0.0327
32 0.0459 0.0562

R2
79.65
74.06
46.54

HRAH, HERZEECN 1, BTN & df, H R2 fm H MAE il RMSE /). HEInER 2
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Figure 5. Prediction results of NOx within 45 minutes (different layer number of CNN)
5. 45 34 A NOx K E TN LS R (1 [5] CNN E#)

4, &5ig

AL T DTW-CNN-LSTM #1228 X 2 1| BRI A 0 2400 SCR AN B2 £ BN IR BEEAT T30
[ I 2% & AN [ S H 2 (A6 TN R EE A R A IR 0 . 455K W], AHELT LSTM F1 CNN-LSTM 4%,
DTW-CNN-LSTM 7EZ##E 5 F R A H I igs K, [FE CNN W25 ZE0Ch 1R, 1530 5 i 25 51 5
UF o 1ZE 26 () TN 45 SR AT AYE — e A2 BN SCR AN W45 I H IR FE TR (225 . FEAR R A p 2
FIEEZ R R 2R, AP ) TS B o
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