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Fly ash carbon content prediction and combustion optimization adjustment
based on ISSA-RF-SSA

HOU Ruwei, TIAN Fang, CAl Hao, MA Hua, LIU Boyang

(Huaneng Nanjing Cogeneration Co., Ltd., Nanjing 210035, China)

Abstract: In view of the problems that conventional fly ash carbon content prediction models are prone to fall into
local optimal solution traps and have insufficient generalization ability, based on the boiler hot-state multi-condition
tests, 28 key characteristic parameters are selected through data collection, processing, Pearson correlation analysis
of variables, and importance ranking, the sparrow search algorithm (SSA) is used to determine the optimal hyper-
parameters of the random forest (RF) model, and an SSA-RF prediction model is constructed. The model
verification results show that the root-mean-square error of the SSA-RF model in the training set and the test set
decreases to 0.010 8 and 0.019 1 respectively, and the coefficient of determination R? increases to 0.999 7 and 0.998 1
respectively, demonstrating the excellent prediction accuracy and generalization ability of the model. Furthermore,
the ISSA-RF-SSA algorithm is proposed. The SSA is improved by integrating multiple strategies to achieve global
extreme value optimization of combustion parameters. Engineering verification shows that after optimization, the
carbon content in fly ash decreased from 2.500% to 1.345%, and the prediction error was only 0.003 percentage
points, verifying the accuracy of the model. The research results indicate that the ISSA-RF-SSA method improved
by multiple strategies significantly enhances the optimization performance of the algorithm, providing a new idea
for the combustion optimization of coal-fired units.

Key words: coal-fired boiler; carbon content in fly ash; combustion optimization; sparrow search algorithm;
random forest
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Tab.1 Hot state test conditions and results for the boiler
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THORREN  RRME T Lo

T EI%
TO1 2024-10-24 14:00—16:00 #iiiRLe 250

TO2  2024-10-29 09:40—10:10 A &AW (hEE) 1.88
TO3  2024-10-29 10:30—11:00 A4 EikLe CKEE) 2.23
TO4  2024-10-29 11:25—11:55 A4 ERE CNEE) 2.66

TO5 2024-10-29 15:20—15:50 78 — R T 2.15
TO6  2024-10-29 16:15—16:45  ZFMRJL R T 2.39
TO7 2024-10-30 10:10—10:40 A% —YXGE T 2.21
TO8  2024-10-30 11:00—11:30 7% AA X\ T.7% 2.42
TO9  2024-10-30 13:40—14:10  ZEMRSL R T 1.43
T10 2024-10-30 14:30—15:00 7454y B9t ig T 132
T11  2024-10-31 15:30—6:00 ZFMARRAEAIEMA TR 1.89
T12 2024-11-01 10:15—11:00 45 F4i5 = 2.90
T13  2024-11-01 15:00—15:45 7% R4 S hfk 1.96
AN 11 i Ry W T
T14  2024-11-02 10:40—11:20 (A B. CH) 2.46
PR AN B
TI5  204-11-02 13051335 lo CREBME 4
CNEED
= EEIH A AR B s
T16  2024-11-02 13:55—14:25 *’gf;‘,%ﬂgm‘ 2.46
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ON__1E- AR A AL T
T17  2024-11-02 15:00—15:30 (ABC ) 2.02
T18  2024-11-04 10:30—11:10 4L T 1 1.64
T19 2024-11-04 11:30—12:00 R4 T4 2 1.28
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Fig.1 Flowchart of the SSA-RF fly ash carbon content
prediction model
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Fig.2 Correlation coefficients of the initial variables
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Fig.3 The importance ranking of the initial variables
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Fig.4 Variations of duse and R? with the number of features
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Tab.3 Fitting results of various models for fly ash carbon content prediction
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Fig.5 Comparison of true values and predicted values in the test set across multiple models
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Tab.4 Operation parameters of the boiler before and after optimization
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WE AGP1. AGP2 JF1E/% 40. 40 39, 30
UAP KU TJT % 30

B A, B. C. DFE/%

i1 AA. AB, BC. CD J1/&/%

BEHLHL AL B. C. D 4:B5884558/(r minY)
AGP R BB /%

BEEHL B, C. D HDRE/IC

JEAL AL By C. D k0 —¥URUE/KkPa
e AR RS S 22 kPa

55, 55, 50, 50
60. 20. 20, 30
111, 112, 120, 116

85, 55, 62
55. 5.7, 57, 6.6
0.37. 0.33

20, 42, 32, 22
62, 41, 29, 20
118, 117, 113, 118
52
66. 61. 58
6.0, 6.1, 6.5. 7.0
0.39. 0.35

3.3 TG IIE

JNRNIGAE ISSA-RF-SSA HiE IR AL R, A
SCIEE T ARG R A 1.348 2 Rl iibeia
T8 GR A, HKGH I T LB a ket 72
o TESRTORENL SRS, WL TS BIfR g 12
ITIRASE, ARIER 4 FrAI S HO0 OS5
PRI, — IR A — IR IO B S5 E 2
HOdAT 1A% 5 THLINTE] Y 10:00—14:00,
JHIEBERE 1 h A ELBR AR 5 — 7 B BORE SO 6K
FEAR, SR EIATRN. 4 K CKEIRERE
YA 1.345%, SBIR TN, R IR % 0.003 H
I3 e, X R RF-SSA AR (1) TE 5 S b =
Wi, E—AESE | B S AR . AT,
xS AR AT AR H s 4T B, R 1SSA-RF-
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SSA FEMAL I IR B S HUB K R E
2.500%% (L4 1.345%, 8/ T 1.155 FH 7 A

445 %

BT R R B0 Y Tl T N ASE Y A AE R 3
AR BN AL RE DA R B, B2 tH IR T AR
PR BEVEACBEALARAR ) K S i P A, 38
REVRFEM . Levy TKATHI & N AR S SRS 2 1
ISSA-RF-SSA HESLHM RS K4 /0. iR
B, SSA-RF 1R 7E I ZR A ARSI Srmse 73 A1 A
0.0108 #10.0191, R*$Z&JF+% 0.9997 #10.9981, &
RF 11 BP #1258 o 26 A5 8 FRiA vy o S Bm A2 R IR
FHH: ISSA-RF-SSA LTl 4 5 SR &k 7 ik
HiRZN 0.003 F 7 a, RAEE CIKE R A
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AR 25 T ISSA-RF-SSA KK & it Tl 5 R et A i 141

2.500%F% 22 1.345%. T4l 2T HRIRTEE 2 280
G BRI, 2 2eR i, BT R ACHEAT I,
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