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Abstract: [Objective] Coal-fired power plants play a pivotal role in China’s power system, and accurate forecasting
of their CO, emissions is crucial for achieving energy-saving and emission-reduction targets. To address this
challenge, this paper proposes a short-term CO2 emission prediction model for coal-fired power plants based on
CNN-BILSTM-Attention. [Methods] First, feature selection is performed by analyzing the correlation between CO>
emission rates and various input variables, including unit load, SO, emission rate, NOx emission rate, and
environmental factors, thereby reducing redundant information that may impair model training. Specifically, the
Pearson correlation is used to quantify the linear relationship between each candidate feature and the CO_ emission
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rate, and features with a correlation coefficient below 0.2 are excluded. The raw operational data are then normalized
to the range [0,1] and segmented into samples using a sliding time window to capture temporal dynamics.
Subsequently, the selected features are fed into the proposed CNN-BiLSTM-Attention model. In this hybrid
architecture, the CNN layer extracts local patterns from the input sequence, the BiLSTM layer captures both forward
and backward temporal dependencies, and the attention mechanism assigns adaptive weights to the most informative
time steps. To further enhance performance, an improved Kepler optimization algorithm (IKOA) is introduced to
optimize the model’s hyperparameters. The model is validated using real-world operational data from coal-fired
power plant units. In addition to root mean square error (RMSE), the mean absolute error (MAE) and the coefficient
of determination (R?) are also computed to comprehensively evaluate prediction performance. Comparative
experiments show that among LSTM, BiLSTM, CNN-BIiLSTM, and CNN-BiLSTM-Attention, the last model
achieves the lowest RMSE of 24.329 2 t/h, compared to 26.261 0 t/h, 26.039 3 t/h, and 25.429 3 t/h for the other
three models, respectively. Moreover, when optimizing the CNN-BILSTM-Attention model with four metaheuristic
algorithms (genetic algorithm (GA), whale optimization algorithm (WOA), Kepler optimization algorithm (KOA),
and IKOA), the IKOA vyields the best fitness value of 21.584 1 t/h, slightly outperforming WOA (21.594 6 t/h),
KOA (22.136 0 t/h), and GA (22.807 2 t/h). Results demonstrate that the proposed model exhibits strong
transferability across units of similar capacity and effectively captures CO2 emission trends over time, although
prediction errors increase during seasonal transitions due to variations in operating conditions and coal
quality.[Results] The proposed model consistently outperforms baseline models in both prediction accuracy and
stability.[Conclusion] The CNN-BiLSTM-Attention model enables effective CO; emission forecasting for coal-
fired power plants even without direct CO, measurements, showing significant applicability and potential for
broader deployment. This capability is particularly valuable for plants lacking continuous emission monitoring
systems (CEMS), offering a cost-effective alternative for CO2 estimation. However, long-term or cross-seasonal
predictions require further consideration of external factors such as coal quality. This study is primarily validated
on limited units from a single plant; thus, its generalizability across different regions, coal sources, and operational
strategies warrants further investigation. Future work will incorporate direct coal-quality indicators through multi-
source data fusion or online updating mechanisms to enhance long-term predictive performance and robustness.
Key words: CO, emission forecasting; coal-fired power plant; CNN; BiLSTM; attention mechanism; KOA
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Fig.1 Schematic diagram of the power generation process in coal-fired power plants
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Fig.2 Overall prediction framework for CO2 emission from
coal-fired power plants

1.2 FERHFEIR ERIR IR

TR Seprig AT fErh, HLAL BT R B &
WO 25 8 19 8 W AR ROE N 8] R R A, flifRis
T AR P IR S Eh R L. B0, RS
R, AR R RS PREA L, TS
EIRPEIRE ARSI Pish . XK
RHIEXS CO HEUAR AL E A HL B, (BRI A
RUXE DL R . FE TN i i 5 N B A2 9
2, WG A IERURIENLALIZ T S 8HE A R I

http://rifd.cbpt.cnki.net

(6] FRUBE T = BB AL, D9 BRI e iR it
AN . CNN IS ALK O« BRUZ
)z R R, B3 N4
IR

BT iR

EWE k)=

3 ERMEMERE
Fig.3 Schematic diagram of the convolutional neural
network

1.3 R FFFHELZ BUER

BRI 1B AT I AR A R AN IR
WLZE 57 fr 7% A X8 R ) 0 AR A Jo 026 1) s el R
BRI SERR, TR R IRECHL AL R G
FIZEL R . Rk, %1 CO, HERUK P AMY
EMArsiriRESH R, B2 2021217 &4
SLIE R o HHER 2B IZ 1T S35 COL F
TR 1) B B I AR R oG R, AR RS R i
BILSTM FH1 22 ) 2% SR $i2 ey TR 52

LSTM #1228 o 23 ist 5| 3 v DABE B e 42 5t
KA PR B H AR S B DL RN T T st
BT BT AT TR 1EALE] . T BILSTM
2R LG TRAN T LSTM I  25 AN REA 28U 4 I 115
BIEkS, HeiMmE 4 Fios, HIER LSTM #i4
IR 28 12 1] LSTM 128 o) £ A4 i o

(Pﬁ— ......

Ak
=

=
v
—
= ;

~—| I LSTM I LSTM H— J& i
1 R
——-| LSTM I I LSTM I LSTM —— i}

4@ LN

4 BiLSTM &M RE
Fig.4 Schematic diagram of the BiLSTM neural network
EATRITZ t, 117 LSTM A28 /2% ) 0 21 t I

ZIGCFEHUE, FeIa) LSTM #2225 At 2 0 i Z1 ib
B, RJaEIFBON— M, REHN:

h =W, [h,R]+b (1)
Ry U 2R B R IR A R At % E
B EIRAS s WAL EHRE; b AR Z R & .




2 8 i K 2% T CNN-BILSTM-Attention JIBAKE FL T — AL BRHE BT A A 37
1.4 FZTIHH B Pl RBCRE R B2 22 Rl s k. 5

FINTE B B BE 8 X5 AN 7] I 2 RS R
BEAT INALAL S, AR BERS B B 5GTEXR CO2 HFBAR
WTTHRBCR IR S IB AT i B, AT T F0 28 g
G SRR (R AT AR o (HAERAIE L) SRR AT Hds
FAAE—EWR A RO OL R, R WL AT e 7
IR T RGEAE . Y, ASCE S HAE A B
S AR S5 — AT, FFAKRIERET SR A CNN-
BILSTM #4248 AL SRS FERT I A5 R 24T
TEALER,  MTTTAE — 52 R LAl I P A 8 A B
DEERITI, R RORHIE R S RE

R ABEIINE 5 s, Hb, BCETHEA
Bk

QK™

JEJ ¥
A an ATERJIRERERE; n BN
d AT M EsEmENAERE; Q Nl E; KT
A E R B AR

2B 1k A5

______________

a, = soft max[

5 FRANEIRE
Fig.5 Schematic diagram of the attention mechanism

2 ) B T A L PR A 21t P 471«
0,; =2V} (3)

A v NEFERFEERRE: n 8 j 2508
R ERAE: o NERANHH I E.
1.5 SR FFE SN E X

KOARBLZ BRI 547 B Z A A BAE L, 18
1L I iz 3 E H IR AT B SR BH A e BB B)
717, FIHRARE 3 B 28 € At B A LA 75
%, KRR IE 6 Pros. S E s Rikis
g, HALEdTA G ERRE. R, Hrh ik
f szl DM AZ L RGE . X2 FECR Mok

http://rlfd.cbpt.cnki.net

SIS DL K 4 R AN Ry B R AR 2 1Al AT [
ve, DUR EZMAT R E . WS 1 2 7

RS REAC SERE G
2
@ ERE R
=
y
i 3

LB E#H

BT ERE
I
PNEY-Eh TR
BAIERIEL BB TR SRE

SR
—
[seasmm sz e |

SRR ATE R
AP
—ﬂ
TEEITES A
P2 AR | |
230(3| HLLR
ETEE

ETHESEIEFNT

& 6 KOA RIERE
Fig.6 Process flow diagram of KOA

1.5.1 k& B e 5 5] Fwk B R R A 09 4T 242 B
454K
HIGE AR 1R 160 8 0 D0 AL SR R SR i B 0 B
SO s VRIS PR 5 N T A S0 s AR Mot 8 SR
WAERIRE T AR FH TR LS SRAL i VR 7 41
BRI
T,/a, OST <a
“j:%—nﬁa—m,l-a<njgl
s T A AR j TR S A AN TRVEAE s
a AR ZHL.
gty IR RIBELT A A AT R RIIIG A B -
Y=y + Ty, =) (5)
AF: Yig AE D MTEPEE J IALE: Upj A b
SRR BUER B R
NPEEAT BVIIAA B 2 FE 1, BINR 5] 3R
W&, THEAT R R MALE
Pi,j = rl(lb,j +Ub,j) _Yi,j (6)
Ri=n,; 1)+ (7

b Py NATERRIAAE: ro A ¥199[0,1]1/)
BEHLE . 42K (6) B RE AL AL B A Al i, DA
X(@)HATAHE

K2 FIRMM M T 1T BYIa6 A B SR AR
TR 5 S 7] 2 T SR P R K B AT BTG AL B A

(4)




38 A% &

2026 4

I TEBGET AT BATIRAL B FF A1 o H5E N RE K2/
B, IR UCER I EE AN AL BN B AT 2
WIRaArE, M A N L AT A KB
1.5.2 At a9 lcsk A F

A7 B B A ST 5 3 KR JEE 32 AT AL 5 KR
Pl e Nl S P VS = L B = Py VAPS Rt R AN

RN
ho= ¥ s ®)

A ho NEBENEF; rm NETIESS ML
PG RN L B2 B A -, KR A
KR
B=bO-1-r,+1 9)
s b AR R A SRR 5 rs o 0~1 2
[i) () BEATL A= s
KOA IEARIEFE FEA IR LR ML, DR 2R P i
SR FARRABLH AL AR 2R R, RS T R
WSk R ek R IR R -
[1+cos((T =YD=/ (T, —1)]
2
T<T_/2
[1-|cos((T -Yn/ (T, —DI]
2 ,
T, /2<T<T,_,
A be b by 25 SR T 1 e ZAE AR AR (A
T NS RTEARRE T NECKIERIKEL
2 FHIE 7 H 51R YIS IE
2.1 HEFKIFESTEULEA
ACHETHE 735 MW BRI )R FMLA, AEOC
BT SHEBEEE R T ) EdEf 245 (DCS)
Fis RS il &40, HLAHR A T2 UHRA 1 BE
WRIGesR T, BN BAFIRR E BRI AR T2,
ENVAIR IR B R G, SO, 3 M1 K R A1 2K
B WU T2, NO 42 il 5K FH I £ 1 (AL i
R, FEARBIRIERS Lo Pk RNEAR CLRFRARIA R
BB NO« (ARG, ki1 i 2 80K F i sl k2
a5 o WEHUHLAAE 2022 451 [y SAS I s, B[] JRUEE
SUNGE S
SEA BRI 1B AT R R BE PR, AT
ML i ff . SO2 HEBGEE . NOx HEFBGH B LA K
WA EE AR, Hd, BmSH Ok,
IR PENEFE RN, X CO2 HEBGHE FE A MR,
Hmh g, A k#RE. IR 1T E

b + (b, —by)

(10)
b + (b, —b)

43924 28.55 MIlkg. 28.30 MJ/kg. 8.50%, %54
FIENER 1R . R A AR B AT LA SR 21 )
CO, HEBUEE . IR S 3L [F] 48 il 22 A% B 7 454
5, NIGBRHETGIL . FEAR B X IS AR 1)1 24
IR

T 1IBHER
Tab.1 Parameter information

http://rifd.cbpt.cnki.net

PIMW HLEH 47 4
Vsl(t hl) SOz HEJHUE FE
VnI(t h L) NOx HEHGH
Wu/(m s1) R IK P53
Wy/(m st R B )
Tal'C BRI
Pa/kPa KAES
R/mm Fee F

2.2 WENIE

221 Bk AL

I 8 2 A B A R R AN (OB R 2 I G v AR Y
AR, T2 Fe 24 5 H st A E R
LA ARRFAL, DA S KR A GBI Xt
BB EE ST R

/RS,

- (max(D;, )" (D)°
A DINIREIIE; Di Al {E 5 ORI s E] 1R
B p NHIT IR B T BRI i L B
SRAFR RS HEAT IO, 49 B (R 4 :

Zn:Wi X
X ="
W,
i=1

s xo MM xi NS §ANCR n il LR
AT E SR
222 R AR A )T — 1L

N1 RBE BRI R
5 v P B KA AN /M SRS I S5 1L 9 53 Bk
RE A NG RRHIE BN 2 7 S BURIALE 77
B ZE, I BEAR SRR AN R 4, Al
B SR A B G — . S F
TIRIH G0 5 T — Bk, 38 5 S
Mo OB RE U5 — A 5 i B A S 28 ik
IR . R Z-score e TR SEILZ I 7,
X, =24 (13)

(11)

(12)




% 8 Il

g% 4% LT CNN-BiLSTM-Attention HIBAKE FL T — AL BT A 39

e Xo JbrdEAL B X IR EE o s
FEME: o EE RIARHEZ .
R — B AR R A B — A TR =, A
FEHLAL I COR HFCT i 1 X (14) BEAT 100 5 — AL
X =Yoo+ u (14)

K YRE— S BRENLLL CO2 HERU FUE ;
X AR A JE BN CO2 HETRU IR
2.3 I IERR

T E B VAL P S AR FL T CO2 HEIK
L TERE, AN SCIEHIY TR IR ZE Srmses T3
AR IR ZE dvae~ T3 LEXT H 73 EE AR ZE Smape A S HRGE
R R RPN FRRR, MR ZEMRAE . AR
Je A0 G0 BE 55 22 A BE TR A Tl 45 SR A7 45
30T .

BITTIRRZEX R ZHURR,  Be8 [ BB A 7
A 90T PR TR0 A

5RMSE = \’%%(Y: _Yi)2 (15)

- Py 4 0 R 22 e 8 ELUL S WA R AE H R IS AT
T RSP 2 SN i 2 -

Spor = 1y 2| ¥ 100% 17)

T L SAE AE XS KA s
1 N“\fi -Y,

g ZE RIS CO, HEMGE AL
HHHUSRES:

R’ =1—% (18)

A N ORFEAREE; Y NSEBRE;
fEH; Y, NFEAYME.
2.4 ETF Pearson-Spearson £5 & BI4SHE S

N BRARAR I A NP 98055 TU AR R AE X T
PEREMI T3, IRz AR ), ASCE S
TiAL BRI R AL b, e NS B AT AR O 4y
1o BB 1217285 CO HEB [/ W] R
[ A A7 AR A 2R 1 o RAELRPE LR SC R, AR
4K H Pearson #H ¢ 2% 5 Spearman 545 AH ¢ R 4L
ST RFAEAE M AT VR A

T Pearson #HC RECKET EAT R 2 MR

Y, AR AL

http://rlfd.cbpt.cnki.net

BEMCEVIRE, HEAXR:
Cov(x,Y)
0,0,
K o WEFIER & X F Y [ Pearson HE R4

Cov() AT 2 ox 5oy 7 BN R FRMEE

Spearman 4525 AH ¢ R Bl I 6 R G HodE AT
FRAR M, rE AR MM R, RESE—
SEFERE b R AR LR AR SCHRAE,  HH A -
62:1:1di2
n(n® —-1)

AP ps NRHIERIE x Al y (1) Spearman 3% R
di NE T AMFERIIRRZ: n AFEA%CE.

B 7 ANLAZIT S 15 HEBCE B A 55t
A CO, HEBUH 5 2 [ TR G AH ¢ REUERE,
HHAH 2% 2 $0X Pearson 5 Spearman 5% R £ 46 HE
M RE. HE 7 AP0, WL T)ZYS CO. HEuH
FHE 58, SO2 HEBCH 5 NOx HEBGE E [FIFE
COz HFMU R B IEAHR K R, RN fifar [ 32 %
15 QPR b2 CO2 HERUR LI 32 F R 3= . #HLE
2R, AR 5 5 CO HEFBUE B I AH SR A A5
Mg &, AR R RIFERES CO2 HFBGHFE)
R REIIMET 0.35, ARRILH BZEMHCHE, Ui
IR &N CO HE i B A B, Hop S
SR IR REAHEKT 0.2, ARBEIREIATT
RIFFREANZ RS, HIBRIA AR & ) SRR

e
1.0
-0.301
0.8
-0.169)
0.6

-0.241 104

Pe (X, y) = (19)

ps(X,y)=1- (20)

-0.245| 0252|| 10 2

0.488 | -0.315 | {0

0232 -0a7s | | 0.2

-0.402

R | -0.301| -0.169| -0.241| -0.245| 0488 0.232| -0.362

coO, 0.252 | -0315 -0.175 0.158| -0.

1-0.4
-0.6
0.8
PV, Vo W, wo 1 P, R cO, 0
E 7 RIEHEXRBIER
Fig.7 Confusion correlation coefficient matrix
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Fig.8 CO2 emission prediction results of different models
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Tab.2 Comparison of CO2 emission prediction performance
of different models

A Srmsel(th ) omag/th™)  Sware/% R?
LSTM 26.2610 185509 2286 09339
BiLSTM 26.039 3 17.985 1 1975 09350
CNN-BILSTM 254293 16.898 7 1054 09381
CNN-BILSTM- 5 3595 17.809 4 1697 09433
Attention

& 8 ik 2 i W, LSTM BiAYGENS7E — & fE
J& b Z1 i CO2 HERCE B I AR RFE, {HAE 6 fif
WK S5 G BRI ZL ) T, il
MR ZEFX K. M2 T, BILSTM #EAL#E T 5]
AR FFAZ R, ARRIA T P s 5 AR ARRE S 4
BTG B SL R g, 7% Febr B35 LSTM B8
Frosg .

7£ BiLSTM 255l bt —20 5] X CNN 25445,
LAY &) IS PP R AR A 2 HL R 77 2 2 1955 . CNIN-
BILSTM # BY 7 % T VF 4 45 A5 B 3540 T 9 —
BIiLSTM, JUHAENLLH f g s A4k J SOz NOx HE
TR B I B, TN A5 R nfRE . XK
B SRR SS MITE PR IR ) T iB 1T 240 CO i
V) FR) 2 SR AL 5% 2 7 1T 2 A B R 3

k551N Attention ML J5 , HEAILE KP4
b 3B S AR P GE . Attention ML BEBSXT A
[F) By [ 2D AR AE B DT AR AT G RN, A4S AL 5
FAEXT CO2 HEBCHIINEE A E s 47 R4S, AT

BRARTE T AN B AR 2 M OC R N Z L fE T
2.5.2 B AT H RS

SRR AT O S IKOA TEA A S 4
e A S SR e e, EEUEL % (genetic
algorithm, GA). fifa flift 5% (whale optimization
algorithm, WOA). KOA L IKOA X} CNN-
BiLSTM-Attention 15 5 i) 5 4 i 2 Hu sk AT AL AL )
oo A0 G A1FE BILSTM Fa S & ok, Al
22 04 Dropout DL J % 2] 6, HAR 20 [ 7 )ik
9[16,64] [16, 64]. [0.1, 0.5] A1[0.000 01, 0.000 10].
DABSIESR F 3T RR ZE A NG R B R . S S
s Ransk 3 s

=3 IRAUBSHMUER
Tab.3 Optimization results of hyperparameters

Bk #&oc BFUEE Dropout 2 IFI(X107%)
WOA 62 56 03197 10.000 0
GA 50 42 0.124 2 7.086 0
KOA 61 59 0.182 6 6.203 3
IKOA 47 64 0.1000 10.000 0
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FES R L 9 B tHE 9 WL, GA
FI WOA REa5 /R4 2 I R v A PR B R 22,
AR T RARZE 35 22.807 2. 21.5946t/h,
B 2 MRS SR M N B — 2 A R R
BE 77, SRTHT, WOA MU SIGE FE AR i, H7E 5 H
BHNR M GA BIRAE TSR, H
AR REEZIR. KOA Bk &ENEN
22.136 0 t/h, /v T GA 5 WOA Z[&], #HLLZTF,
IKOA [HHIHATE N FE N 24.421 0 t/h, 1T KOA )
26.150 2 t/h, X753 a5 TR )22 SRR AL SR L 1
RIFRIGEFIEE . EIRACHTHA, IKOA X 8 kAt
5B N FERR AR ZE 23.232 7 t/h, 1 KOA 7 11 %k
A PEARE 23.853 0 thho #7 LAAH [E] 38 S FF 48
23.850 0 tth yZ%, IKOA £ 8 kARt Cik 5
23.2300t/h, tRT KOA 38 11 kAR b4k, IKOA
1E5 28 YGEARTIA ] 21.984 3 th, i KOA £
61 BG4 F) 22.1360t/h, IKOA LLEE /b ikAL
UCBORTS T SR AE LR, 2 B a5 AR 5208k
K7 80k 1T & . 1A, KOA 7E28 61 ik
ARG IE N R E AR 22.136 0 th, JE4E 39 ik
Bk, RPILBANT R, M IKOA 7E5
28 WIEACIL ] 21.984 3 th J&, FHAREFILER, 4
a1 TR LIS FE IR ARG BAS B 4 5 — & 1 Fl
FEZFEME, IKOA ByLAE 28~80 KIEAR 2 8] 4k 4L 4%
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Fig.9 Fitness convergence curves of different algorithms
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Fig.10 CO2 emission prediction results for unit 2
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Tab.4 Evaluation of CO2 emission prediction performance
for different units
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HLH Srmse/ (th2) Suae/(t h?) Oomape/% R?
1 5P 23.7015 18.004 6 13.66 0.946 2
2 SHLH 235331 18.088 2 10.80 0.966 3
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Fig.11 CO2 emission forecast results in 2023
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Tab.5 Evaluation of COz emission prediction performance
in different years

FiF ] Suvse/(thY)  Suae/(th™) Smare/% R?
2022 4 23.7015 18.004 6 13.66 0.946 2
2023 4 27.956 1 20.5419 14.39 0.9371
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Fig.12 CO2 emission forecast results from July to December
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Tab.6 Performance evaluation for discontinuous CO2
emission prediction

o [ Srwvise/ (t h ) Suae/(t ht) Omape/% R?
1—6 H 331391 27.5378 9.94 0.9159
7—12 H 36.663 5 28.458 3 43.45 0.900 8

HE 12 f15% 6 AT LAE H, 7—12 AR R
7N 36.663 5 t/h, % 1—6 H ) 33.139 1 th FJt
10.6%; “P-IH4axnHE 1R % 28.458 3t/h, K 1—6 H
i) 27.537 8 tth 7} 3.3%, ETHEREMHNAR,
H 2 B wE A3 R2B{RFEAE 0.90 LA E, &
A A 70 7 A i 35 R SRR AR 1) 20 i 7 T A B
BIFRIRaETE. SR, 7—12 AR 4850 7
Iy HiRZEH 9.94% 535 FTF R 43.45%, H EFHIERE
KT TR E PR HME R 2. HE— 25T
CO, HEBGHFE (A AR AT &0, 1—6 HHEBUESME N
463.50 t/h, FrpEZE 150.9, 1 7—12 H HEBIA M R
% 386.41 t/h, FruEZE 128.2, FPAEHEBUK T #AA
. NEUEZH T, P4 H 4 iR ZE R
Jil T e AEAR R AR BE b 24 BB A TR X T B
AHIE 40 1R 22 2 RIS E iR 2 . ASE
BRIgAT M AT, R REHEBCOE N R G TR
BATIHR R AEER I H AL . ZE R E &S
(18 FEL ) R Ui 5 SR DL S A 2= IR I T (0 AL 2L 8 A
e, BABENLEAE T KR TR g 474k
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