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Multi-objective optimization of boiler combustion based on BO-XGBoost and

improved NSGA-II
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Abstract: [Objective] Multi-objective optimization of coal-fired boiler combustion is a critical strategy to achieve
high-efficiency and environmentally friendly boiler operation. However, due to the strong nonlinearity,
multivariable coupling, and inherent conflict between boiler efficiency and NO, emission, it is particularly
challenging to identify optimal operating parameters using traditional trial-and-error approaches. [Methods] This
study systematically builds prediction models for boiler exhaust flue gas temperature, carbon content in fly ash and
NO, emission mass concentration based on the XGBoost model. Subsequently, the various heat losses are calculated,
and a boiler efficiency model is further constructed using the anti-balance method. The global optimization of
XGBoost hyperparameters is performed using Bayesian optimization (BO). To enable a comparative analysis,
the corresponding BO-LSSVM and BO-BP models are also established. Based on the traditional NSGA-II, the
hypercube Latin sampling strategy and NDX crossover operator are introduced to improve the algorithm.
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Collaborative optimization is carried out aiming at both enhancing boiler efficiency and lowering NO, emission
mass concentration. The optimization decision variables include the furnace oxygen content, primary air pressure,
secondary air damper openings and over-fire air damper openings. [Results] The results demonstrate that
BO-XGBoost achieves a lower mean absolute error (Emag) and a higher coefficient of determination (R?) on the test
set compared to the other two models, which reveal that the BO-XGBoost model yields superior prediction accuracy
and generalization performance. Relative to the traditional NSGA-II, the improved NSGA-II yields superior initial
populations, reinforces global exploration capability, and effectively avoids the problem of local optima. As a result,
the quality of Pareto solutions is significantly improved. The improved NSGA-II algorithm can generate many
operating schemes superior to the original working conditions. The TOPSIS decision-making is adopted to select a
trade-off solution from the Pareto solutions that balances boiler efficiency and NO, emission mass concentration.
Statistical analysis over 200 operating conditions shows that the average boiler efficiencies for the original
condition, the NSGA-II and improved NSGA-II trade-off solutions are 94.036 1%, 94.356 9%, and 94.506 8%,
respectively, with the corresponding average NO, emission mass concentration of 173.13, 150.16, and 139.32
mg/m3. Accordingly, the trade-off solution obtained by the TOPSIS decision-making method successfully realizes
the dual objectives of improving boiler efficiency and reducing NO, emission mass concentration. [Conclusion]
This study establishes an integrated “prediction-optimization-decision” framework, which effectively combines
BO-XGBoost prediction, improved NSGA-II optimization, and TOPSIS decision-making to achieve the
collaborative optimization of complex combustion processes in coal-fired boilers. Moreover, the proposed
framework provides a systematic and practical solution for multi-objective optimization of boiler combustion
systems.

Key words: multi-objective optimization; boiler efficiency; NO, emission mass concentration; BO-XGBoost;
improved NSGA-II

] i ] = 1 R SRR AT A R rL
PRI B S B IS AT RS 4 2R AT NO, HEAR 2
AMZ A FEFRU2 FEFHBR I 880K ] LGB A e 4 5
M SRBL AT BEBFAE, 5] NO, HEBURT AR A3 (R IA
HE Ty, B, JFRRIES R 2 H iR thiAk,
XTSI R AT Jeig AT, S AT
REVRCHE R A H B S

X 3R AT R S A A 1R T A2 SR FH 8 e Tl
SR R 2 B ST A () TR Y, I B S
Iz R R T S B & SC R 2L (SVMD | i
N IR AR (LSSVM) S 4k, Ll E
LR (RF) AR B R (XGBoost) %51k
PR AY . anTR P 5ECER A SVM #7004
AR, I EURH LSSVM ZE57 ©IRS
B NOx HEBUR R BSR4 SCHRED
K HH BP #1148 4 26 2 ST AR R A NO, HEBUS 29K
FETRMAE Y, HNEA MR A RF 2 S 47 Ji H F1 NOx
JREWEAR . FRECEVERA K 4B, RF
XGBoost BRI ERN KK IR EARLAY, X H R B
XGBoost #5455 TS B 5% =

R T A R R T BLVE R B A A
SR, B TONRG FEA E EE. R T ARG
(815K F 3t 284 363 A% B30 HE ML FE A NOK HEBUS =
WEER) LSSVM BIAGHSH AT TR, MR
FRL T BEOU AL 5325 (PSO) SR IP BRI LSSVM #

http://rlfd.cbpt.cnki.net

BB SHOAT T, IR HESEBIR B0 PSO B2
A AN SVM B S HO T I . T
ek (BO) J& T mia /iy, vl LA oF
fl A E I g, EARAE S H G EN AT
(0121, GhEIMEISR F BO X it 11 NO, Joi Bk i
(1) RF BAGHE S 80T I, AR BTSN
MR . I THEEIIER A BO S H R 2 T 1)
XGBoost t A S HHE AT G0, ARHBRT R
v WA EFIBENIE 2R

BRI R KA AT NO, HEJBUTR B34 B e/ ME
VB I R s AR A R K H v 388 5 A7 A B 1 £ 7
L E R IREE, JESCRC B L HE P L 1T (NSGA-
1D =2 HRSREU S 2 HARRAL R Pareto fif i it
U704, AT NSGA, NSGA-II i ik 4k 3
BCHER 25 BEAlTHE 7 OR 2 R AORS T LR B LRI 1)
I, KiEdert 72 Hisfitbthge. KH NSGA-II
YRR AP R A NOK HEFBUT SRk B AT WU fif, 73
B[] Pareto - 7EHE & 5R IR RCE [P [F] B ] BAFEAER NO,
Hem s ik IS, SERR F T8k e 2 B AR SR
i, K Z T K H B3t NSGA-TT Semg 2 7+t A 3
Ho MR AL TR LT BURE B AR LT AR ) ih
FUEE, MR ARFUIEANFPHE 53 AT A2y [ {06, R H]
IEED AN (NDX) H7 B AR 3t i 22 X
(SBX) H1, GfiftJmi s AN AFa e B ™)
T S8 B R B B SRS SR BN ST ML, 2B




HFEHIX

XX & XX 3

ol B AR A 2 5 1 302 gk ) 71

AR XGBoost #E 8 g  HEMHUR FE . KK
Tk B A NO, HEBUR B IR B TR, i — D g ar
BRIPRCR AT . SR BO SRR AL S 50T -
e, SRH et NSGA-IT Sk 5t 8 KR Al NOx HE
R IR AT R AL, 733 Pareto fi#, SRR
F TOPSIS #5181 176 L S i o 2503 A NO,
TR A FE AU . Zk & BO-XGBoost 157 i
M. Mok NSGA-IT ST TOPSIS R 5 (15 il AR
PR, RRIGERSRIIZ D MR 1) 2 H bR R AL
WAL S
1 BENE
1.1 XGBoost 1143

XGBoost /&3 T Boosting HE S 8D FE HE T
SRR, DL CART YIRS 2E S e, BykiE
RN ZRAN W AE BCHT e SR, A2 1 Fi 3 1Y 0 s
2, PSR AROR . INgsEk)E, B AR
B A PR SRR TR A 25 SRR S 3 1 5 T 0 A

A0,
XGBoost i Z Tl 25 5 A
N
ypred,i Zan(Xi) (1)
n=1
A xi NN S AER . N RS
Vpredsi yﬂ?ﬁ?)ﬂﬂ%% °
b bR B S5 A RS 01 R RIS 5 M
M N
Objzzl-i(yiiypre,i)+zg(fn) (2)
i=1 n=1
s LOARREG Q RILR S B R
T
a(1)=1T+32Y o 3
j=1
A TR 715 G 0 AT 708y A

ARNEBEG y RG22 A N IENE R E.
1.2 BO 48

BO £ty DL #4n R 21,

_p(Dy, [ f)p(f) 4

p(f|D,)= (0L (4)

Dy ={00¥0), (% Yo )oos (X ¥a)} )
yn:f(Xn)-i-Sn 6)

X SNEFRREG D HOWIEE: x, AT
w2 oy, NWIME; & NMINRZE; p(Dra)N £ I
WRIrAis p(HA f ISR p(Dra) N f HIIA
BRAUR TG p(ID1) N f G SRR 50 4. BO &

http://rlfd.cbpt.cnki.net

BALFE MR AT A 5 R AR R AL
1.2.1 BEEXIZAEA

R A L 4R g S A R AR AR Y T B
PRI L, AR SR AR H0 i R AR,
CIE T wpeas sl NS E: W w  Eit leah

f(x)=GP(m(x),k(xx")) (7)
s m NIMEREL, @ERAEN 0; b AFIEE
o7 Z R A, ARYE SR G INZARH] . XT3
S RS ety Ry 57200 A CATIUIN 2 55 o R BUEL 1
J5 B R E 5 A
P(fyu | Dy X1) ~ N (11,0%) (®)

e I FRARAE LA FEA KR, AT AR X 35,
AT PN AR, WA R BN LS IR SSE
U 77 o WA o KT B U RE A B ()
X3, E i AR T 5 AR 0T 2 G OR, AR
AU T e e . Rk, S fE ae s far
e ML PEAGE B, FMAEE L TNATEE, 7]
Na R R J13CH .
1.2.2 K& L3

SREEBREH T IR I — IR B B 7 VA R
5 2 25 AR BB (1% To0I A8 B A Tl &85 SR (R AT
SENE, BUBTRA € PRI o 5 R A XOAR R . ASCK
' EI MERTF N, 1R THEER [E] I R AL SR THIE
ZE St
1.2.3BO ¥ %

BO BEFE 3N 4 25

1) ARHE i A B AR RS T b R %

2) MRAERE KRBT T — O U

30 REHMI UM g s B, B AR AR Y

4) PERIEAT 1 —3) 5, HBENERZL,
1.3 BO ffi#£ XGBoost 1T45

BO fitft. XGBoost JitF2 W 1 Frs. &N
B S BSHAE R, FEIYIG 2 HBE S5
FIAT BN G h WA B o B J5 A 3 v
i ARARERA Y, I8 R AR R SRR S S
AIHY ML, HEBBIEAR ER. HATHIE R
S H5¢ I XGBoost #= 78 f)




4 #hr% e M
4 5, = Yoi + Yai +1.481|N (o, 1)| Yii = Yai
. pemp— ' 2 2 <05
| mxmzanzns | v -y, O
v S, ==L —1481|N (0, 1)| 22 ©)
| wwiesTasss | ‘ 2 2
R S,; :M—1.481|N(0, 1)|M
v i 2 u>0.5
23|I . ) RV
[ samas | 5 =Y > Yai 1ag1|n (0, 1) 22 Y > Y

| =ssmiean

FREEAET—T
AL ET 2 B

‘ SRS \

L D ppeil

1 DIHEr 1L XGBoost Hitfz
Fig.1 Process of Bayesian optimization for XGBoost

1.4 %i# NSGA-TT 48
141 35 TA = 7R

&4 NSGA-II K H B L5 A BT a6 4 s ¢
1, RO HIFEARFLHE . FEEDAAYY . XIS R
AR ZH0 [ R N I R AR SCR AL T
SETTHURE SR, AE n AEHHRE 2 8] v 382 BT A6 R
AP, FEAUBEA m, EEDE AL,

D B &R T kom &5y, JRAS R ECN m”
AL

2) AR mxn WL TSI, FEBIIN 1~m
IBENL A= HEF 5

3) $% HRRE R AT R 328 3k /N RE S T R, 9% X kb
WL AR RE, TR m MREAE.

$7 1B N 5 BUORE BT DRI 46 PR A AN R
RN AR5, F /D A 7 o AT DGR X
ARt 5 o 2 W UE P
1.4.2 T LH-F ot

f£48 NSGA-T1 K SBX F1, #RVuHE %,
152 H br 5 2% )8 -0 SR b 25 5 H IR 0 A
e, S A R R AR . ASCRH NDX #HF, 5l
N5t h % 7 i E B R IE S AR BEN LI BD
A B FAR G AR B BR o> A, ST T R 2 A
P, W5 T EER R SRR, AR TR
e R 2],

http://rlfd.cbpt.cnki.net

ftq:': Sl,i %l] Sz;ﬁ%’ﬁ%éﬁg, Yi,i %D yz:jﬂﬁl’ﬁg&
Ak N, DIAIES BN E; u (0, 1)IX[A]
M350 53 A (R B LA
2 PRI IREY
2.1 HRBIHHRE

EHUHE 660 MW A7 J& 856 AL, B (15 LA
2025 4F 3 A& 2025 4 12 H, 45 55 B a6 An
FaAS TOU B AL BRI H 1 488 AFEA%E,
BERYIEAT I & AT B

BAIPRE 1 R RGN

n=100—(L, +Ls +L, +Lg) (10)

L AREE B AR Loy TSR
Lo~ KO AR Ly FIERIR Le Y, £ 10145 K@
HHEIERE . SHBREFBITSH, UK E K
IR Gy S AR g g e e R X8

FRPER R RGN LER K 20 br, LA RSB ITS 4L
Sy i a2 [ At b, BRI FEE 1 iR
(1) 31 M7 SHAE B PN REIE o A i
A, —IRUE BRIeAs — ROXU TR XU T
NEERBENRERS, HRAERERE. 4L 12 M
R UOATT, HAfa 3H (A% 21 NERE
WEN—MRHERD , R 6 NMNAEEREE: L84
WRIGESRIRIS AT, BRAEE

*® 1 RENFHE
Tab.1 Input features of the model

ERENN 5y AL A v R H B
HHFMW 1 195~660 =
FERAE/(MT kg ) 1 17.47~21.87 %
IRIE L 1 5.0~7.2 HR
B/ °C 1 -5.3~39.0 7
— RS KR/ (R 1 230~463 5
S R % 1 1.8~10.6 2
HXE/(thT) 1 969~2057 =
— R X JE/kPa 1 7.0~10.6 £
B A—F GHE/(th) 6 0~56.2 =
PRIGEE: ORI 1IFFE % 9 0~100 =
SRR BRIR A1 BE/ % 8 0~100 2

2.2 {RBIENT




HFEHIX

XX & XX 5

HERUR B A N AR 1 488 415 KK
W N IAIRE 8 h HURE LG 45 3, 3 AR & 514
Y NO. HEBUT S S BT 350 23 R] B A7 R 0 25
K, BRFEAEN 1072 4. H%HH AL
6:2:2 LLBIRI 4 IR 4E . IiEEANRE. HET
XGBoost #7435 # S HEFIR S . KK S E A
NO, HEBUE & B2 (TR, DA ZREE AR IR AR
VE RN A SRR S . R BO &k
X} XGBoost t A ST & /T, ZHERE K
IMEERWE 2 s,

% 2 BO-XGBoost fREVBESH I X B R RELLR
Tab.2 Hyperparameter bounds and optimized solutions of
the BO-XGBoost models

. ] NO, HEil
e % ﬂF‘klklvlﬁ'JEZ* @2%‘@‘2% Rk EE
e % /(mg-m3)
YA [50,400] 356 355 257
W B IR B [2,10] 9 9 9
SR [0.01,0.3] 0.0347 0.0956 0.0744
T RN A [1,15] 1.547 3.208 2.520
A7 RAE LA [0.5,1.0] 0.585 0.887 0.643
B RFE LA [0.5,1.0] 0.939 0.980 0.514
23 RBEE

AR (R T 205 RN A K L REAT DAL,
PR PP EILERRZE Emar AHRE RHL R?:

1 n

Eoe =H_Z:1:|yp,i -y (11)
Zn:(yp,i_yi)z

= i (12)
ZMﬁwz

3T BO-XGBoost A5 2 37 FIFERIR B . R
B R AN NOL HERUT SR FE 3 AT 7R M 4R
(Rt Ll 2620 Sl 2— 4 R, W RS Evae
AR WK 3. AITLLEH, 3 MEME) Evae 2518
1.073. 0.073 F1 11.509, R2 43514 0.977. 0.946 F
0.853. MIUA A, TIECHE nT i a4 Jit LS4y
PR, VA B A ROz AL RE .

— HA
150} ke
— WA
140}

O
& 130

i
= 120
=

* 110}

100

90

0 1(I)O 2(l)0 3(‘JO
i 51
B 2 MR SRR R O T

Fig.2 Prediction results of exhaust flue gas temperature on

test data
51 ——Juskt
THIIAE
4 .
3 .

KRR

=

0 20 40 60 80 100
FEA T3
B 3 M RS HENTUNLER

Fig.3 Prediction results of carbon content in fly ash on test

data
3501 —— sy
& — TE
€ 300t
(o))
=
:{g 250
]
B 200 ) '
I<§><150- i |“ ]
b4
100 L L L L
0 50 100 150 200
FEAR T 51

4 ML NO. HE R ERE R FUNEE R
Fig.4 Prediction results of NOx emission mass concentration
on test data

% 3 X BO-XGBoost R FHNIHEE
Tab.3 Prediction accuracy of XGBoost models on test data

T Emae R2
HEE IR E 1.073 0.977
IR 0.073 0.946
NO, HEBUTR =R 11.509 0.853

http://rlfd.cbpt.cnki.net

NEHIE BO-XGBoost 158 I A vERf P, DAHE




6 kA%

HFER

MR 95, % BO-LSSVM F1 BO-BP /MY
EREE EkAT R b, B 5 FoR, Emae A1 R2 48
bR 4 Fos.

150

Eyag = 1073

140

130

1201

T C

110

100

90 L L 1 L L ]
90 100 110 120 130 140 150

HI{HTC
a) BO-XGBoost 17

150¢

Epag = 2454

R%2=0.914

140+

130F

EC

= 120+

T

110}

100

90 L L L 1 1 ]
90 100 110 120 130 140 150

HEHC
b) BO-LSSVM #7Y

Eyag = 2428

R%=0.920

90 160 11‘0 1I20 150 1;10 150
HEC
¢) BO-BP #i#!
5 MR EHHER B RN RER UM Rttt

Fig.5 Comparison of exhaust flue gas temperature on test
data using different models

< 4 HHEREMINEREHR B UM E#R*TEE
Tab.4 Evaluation indexes of different models for exhaust
temperature on test data

R Emae R?
BO-XGBoost 1.073 0.977
BO-LSSVM 2.450 0914

BO-BP 2.428 0.920

http://rlfd.cbpt.cnki.net

MK 5 BTH1, BO-XGBoost 15 AYHENHE B T
B 5 SEPRMEILN AR B LF . INFE 4 AT %0: BO-XGBoost
AR Evag 8658 1.073, KT BO-LSSVM #i7!
1) 2.450 A1 BO-BP #iA!f1) 2.428; BO-XGBoost 1
R R2F8FRN 0.977, 15T BO-LSSVM #2284 17 0.914
A1 BO-BP #7411 0.920. [Ft, BO-XGBoost f& 7Y
TE TR BEFIZ G FL e /) R I AE . MRVEAL
HEZ 54T, BP AR WX 25 7586 B T8 5 B N R 68
WAl , AR A s LSSVM R/ —3fefift 2k
FEARELIE, FrAINAFEAYZS5EE, ZHHER
A AR EE UK, ZAERESZIR; XGBoost il
b A BE HREFFIEAUE IE 5% 22 K XU 1E WAL e ML,
TERN G o AR LR 1 (1) RIS A R LA, X 5RAELR
AR e e P PR B A e B R R . T TRR
TEM NO, HEBUR & Z KB, 2 BO-
XGBoost ARG E iy, AR THE
T BO-XGBoost Tl ,

Kl 6 IR EERE A B B X L i 2. Horh
RSB A HREE . S5 EES DCS 2
TEE, DR KRR MRS IR E S
B o R TMAE 1R HE IR B RN KR ik R
XGBoost fRAITHHEE R Al R H & — 2
P, SFIILERTHRZE N 0.030%, FBIEET IR R
BEAY AT DL FH SRR AP AR AT P SEVEAL, AT
LD AP Wi EZSb) o

%/ —— FA
Bl
94.5¢
2
X 94r
&
N
gé 93.5
93 \
92-5 L 1 L L
0 20 40 60 80 100
BT

& 6 iR & BO-XGBoost 1A X $h 4P 2R B TN
Fig.6 Prediction of boiler efficiency on test data using the
BO-XGBoost model

2.4 [GfRRRE

R CRAE T ASERAR 73 35 50O
DRI A B KSR T, AR FEE A& R R 45
RIRBEH R . N E BRAL S A B AR K 5Tk AE
J&, 73 ) T HERE R B NO, HFTBU 29K ) BO-




P

XX & XX 7

XGBoost TR T 2 SHAP AR 437, 458 4K
7 BiRe HoA TR TRR R X T AR R AT IR
1Dk A

YTHEEIR T S, fRE TOUN, kAT EEE
WA KGO BRI SR X IR, R
IR 0Is T8 &, SHAP TiibME G UK
IS m A AN RIS A 5 R, SRR s A
B 55 TR EIE K . X NO, HEBU & 2 1
T, bR E R BRI A, 2
F A K, SHAP vilkER G XX TEERX
B R SRR SR DA NOL A, SEmiRy s IR
KT TIEB AN, P EAE AR . — IR R 22
F TRk ik B RAEBR 2% Y BT 75 22 4 XU, X
HEMRIE AT NO, FE i i 55

ZRRIE

PR ITE

el aa

0.5 1.0 L5 2.0 25 3.0 3.5 4.0
SHAP Frak{l

a) HENHIEE SHAP 4 ¥t

PSS

ZHRRITE

PRRITE

—RRE

0 2 4 6 8 10 12 14 16
SHAPFRE

b) NO, HEBUF F 9K BE SHAP /34T

7 T SHAP WFNRBY B T 8 TRk HEFF
Fig.7 SHAP-based feature importance ranking for
prediction models

3 BRIRA LS
3.1 ffifkia)E

BRRARAL CLERBENLLH 22 43847 MRl 2, Hemisn
W KA S NO, HEBUR 2R B i/ IMb . #adis
1T IR TR AT E ARG AR ) BB AR B AL 19 A
(W D . Gt BETHEN GRS S
TR, AREET TG . PR S E e 2 iR
HE LR, i g SR S LA &S84T T
Rzt R, A B — KR T X B A 24176 2 1
£15%, IRATHFEEFIBR S AT BE SR X TR R
15 I, HEEARSHEERARTRZe FTRIR

http://rlfd.cbpt.cnki.net

T e 2 FLIXTA]
% HbnUAL in R F

{[max( f, (x)),min( fyo, (X))] (13)

Xi min <X <X 151 <19

A f (x) WEREEBEL £ (x) N NOHHL
JoR B VR FERETY 5 x N m R () AR B 5 X min AT X max
oyl SRR E TR IRA EIR .

Ak BArhaad ik ok 5 NO. HEU &
WP e/ IME 2 TR LI 20, AAFAEAE 35 [RI A F
I ME—fR, T /EAAAE—2H Pareto I ACMRSE. iR
L NAT B AR TOIEAE ARG — T bRl $2
R S — T H bR, BPJCIE R SEEAR P 5R E E Al
NO, HEBUT R34 5 /N o SR Bt NSGA-TT iR
i (13), BACRECH 300, FHEEECE AN 200, 22X
ME R 0.7, BREN 0.07,

32 fIkER

RIS IR R A I SR AR 5 R, IR B AR A (230
MW) . A (435 MW) FIE T (650 MW)
3 ANA T AT, SR L. NGSA-IT St At
NSGA-II S5 21 Pareto A HI%F LKl 8 Al
ATAN: B TSR B I AL T NSGA-IT Akt NSGA-
1T i th 2R 1047 77, B NGSA-IT A1t NSGA-II 1)
FRAER T REE TOER I, SRTHERIPECR
()[R IF S NOL I HE, 7873 B8iiE T NSGA-IT Bk sk
fil i 52 2 22 B bR ALAK )R R SE B AR

X b NSGA-IT Flgi3t NSGA-II ) Pareto fi# Bl
2k, Al 3 LR G NSGA-IT FIfg It T4
NSGA-II fi#, FEFRPIAH T LT B i
AR T T E IR, NDX BT R T A

4RI REE ST, B T BIRBE N R A .

954" w i 1 .

Sk A
O NSGA Il

9521 4 BIHNSGA I f*w M@ o0 @
o\o
i 95.0r f
E 94.8 e OM@
F a6 f &°

ol &®
i&*
944' @ ™
94.2

150 155 160 165 170 175 180 185 190
NO HFTHUR B K [ mg: m®)
a) 230 MW L%




8 kA%

HFER

94.4 = BT
O NSGAII o #
942 * ELHINSGA Il g *
X @O0 O
& 94.0r
& il
% 93.8 é@‘ .
- ” 5@
93.6 § &
93.4¢ *
160 180 200 220 240 260
NO HEJBU &K fmg m™®)
b) 435 MW T.4%
n JF T
9507 o NsGa I x £
* UINSGA I wﬁ@w"
X 94.8-
b=y
I, 94.6
% t
94.4
]
94.2

110 1I20 12’)0 14I|-O 1;50 1I60 1l70
NO HETU5T < Fmg: m3)
¢) 650 MW L%
& 8 ARIABRIEMICLERITEL

Fig.8 Combustion optimization results under diverse
operating scenarios
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Tab.5 Statistical on combustion optimization results under
diverse operating scenarios

5% PR NO, HEBUR IR BT 1
“FIME/ % /(mg-m)

JR LW 94.0361 173.13
NSGA-IT -3 4 94.5623 177.06
NSGA-II T i & 94.1979 145.33
NSGA-II B fiR 94.3569 150.16
Bt NSGA-II _F i 55 94.7850 177.12
Pt NSGA-IT T i 55 94.1775 129.72
ModE NSGA-IT KU iR 94.5068 139.32

SIETHXTH, NSGA-IT F i SR AR I 3508 M
94.036 1%32FF & 94.562 3%, WEEHN 0.526 2 B4
R, T NO JEBUR B3R E M 173.13 mg/m? AR THE
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177.06 mg/m3, WREN 2.3%; T i K NO, HEUR
BIRFEM 173.13 mg/m® FFIEE 145.33 mg/m?, 1§
N 16.1%, HERPHCREM M 94.036 1%52 T2 94.197
9%, ME/EH 0.1618 H4rmi. 5 NSGA-IL XL, &
HE NSGA-II _F i #8000 2R M 94.562 3% 52T+ 2
94.785 0%, W&EAEEH 0.2227 E4r 5, 11 NOx HERUR
IR JLTAAL: ool NOy HEBUR 2 B2
145.33 mg/m? [ ZE 129.72 mg/m3, 18N 10.7%,
AP RERE M 94.1979% &K E 94.1775%, TESE
N 0.020 4 Hr e AIED, odE NSGA-IL 72 T
NSGA-II f#FI5E L S+ T R S S i B 2803
FEAR T AT SEL IR AR NOx HEBUR =9

3.3 TOPSIS R

U3 NSGA-IL 15 B AR AREE 2 5, 7 R HE %5
b B b ) B 2 e 0 — D 0 Ik A A A AL
[} St S i LN Bv e S Rk ES PN Il
Ui 1, RVEPMRAE bR UERE NO, HERUT IR A%
(1R oo, B 22 AR B P R A NOL HEUT =
TR S SHE L (R A AT A o

TOPSIS RFANEN—FEIZ HIrLE PN AR
B, TTEZNHATARERTRE R LREZIEN
FRIE RS AR W 2R, RolgeéaT
SR R 328 B8 22, AT IE U3 4% WS 7 R (M 45
HRBUSN, FEOPIRINT

1) FIZERE YL SRAERE . Pareto fift B AR AR Xt
BRI NO, HERUR B FE 2 Mg bR, MR
YW UG VLR -

2) AL EE: BRI BCR R NO, HEBUR =
WA —1L 2 0~1 [X[0], VHBRENZES.

3) W E AR DAL B 25O B e
NO, HERUT iR fe/ MEN IEERAR MR, DU IR
A NO. HFBUR B9 FE i Ky BAR AR, — %
MR FRE I RS B T

4) THEAIR AT FE : 30 v B i B OE £ P AR
fEMIRRICEEES D A1 D, FRARHE N(14) TH SRR X U
WFE

op—1 (14)
D, +D’

AR I FEAT T 0~1 22 [8], fRER K ERz0 1F #E

5) PRI H . DURH X I 3 B B K PR S AL

fift o

5 [FEFEFIH T 200 /> TOPSIS #5153




HFEHIX

XX & XX 9

IR G E B B L. NSGA-IT AU g Al
AU NSGA-TT U g B8 40 203 3 30l 4 94.036 1%
94.356 9%- 94.506 8%, NO. HEBUTR R IR 575N
173.13. 150.16+ 139.32 mg/m?, &3k NSGA-II A1l
i (1) 35 2R R0 NOK HETBUTE SR B2 358 T NSGA-IT
BT -

6 FH T H 300 MW J& T4 5 kit NSGA-II
RSB A () R AR f ARG RN b SR T
i S BN 5.07%, BUETRERG I i S 2P 2 4.79%
TE RE A T M B ARSI L, LE Rl INE I R S 1Y
[E B 41 T I8 NOL A2 il AT TR AT
AL RS, (E4ERRY AR E ATHR T, X
MHRE TS, BRI RICRIRER, Ik BRI AL
Y NOL A e — IR 3E FE S T+ ORAIE A B (1) R
FER—R AR B FEER T, #race
M 94.355 6% T+ A 95.134 6%, NO, HERUF Bk T
M 177.98 mg/m? [£ % 172.75 mg/m?, [F]I SEELEr
BERRTHE NO, 9 HE .

%* 6 RTS8 NSGA-I L EER 2T tE
Tab.6 Adjustable variable values under original condition
and improved NSGA-II optimization

ZH JR T3 AL
HE% 5.07 4.79
— A JE/kPa 8.62 9.73
AT AR — 2 AT IFE 23 /% 99.86 93.95
JEREE B ZURTITE (28 /% 99.84 99.87
ATINEE 2 T ITE 23 /% 98.64 99.68
S R A R T FEEE % 98.80 98.53
JE B R M R % 97.37 85.32
RS EE = 22 M R 1 T BE /% 21.52 3447
AT 58 = 2 A 0 = R TIFE % 21.19 6.19
JE 5 = B A RV FEEE % 21.35 6.56
S 3 58 = 2 A R T % 21.88 27.13
A3 55— B A MR A T T /% 66.07 71.35
AT 25 — 2 A BRI R T BE/% 73.51 78.72
JEREEE— B A MBERR T /% 66.06 65.42
JaBEEE — 2 A MR R T BE/ % 71.81 86.81
35 55 B A MR T T /%% 25.19 10.19
35 55— R AR AT TH FE/ % 23.52 32.02
J5 R R A MR R R T FEFE % 2532 33.56
JE RS EE 2 A BRI R T BE /% 25.65 20.89
AR Y% 943556  95.1346
NO, HEAUFR S /(mg-m™) 177.98 172.75
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