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Abstract: When thermal power units participate in deep peak loading, real-time acquisition of furnace
temperature field is helpful to power plant boiler control and research of combustion process in the furnace. With
the promotion of intelligent power generation, machine learning provides an important means for real-time
acquisition of furnace temperature field. The principle and application of the three most commonly used online
monitoring technologies of furnace temperature field, namely acoustic method, absorption spectral tomography
and thermal radiation imaging, are summarized at first, and the advantages and disadvantages in the application of
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boiler furnace temperature measurement are reviewed. Then, the principle of the coupled machine learning and
CFD prediction method is described in detail, indicating that the method is less affected in the harsh furnace
environment, and the application research of the method in the combustion flame structure and parameters and the
furnace temperature field is reviewed, demonstrating the feasibility of applying the method to the furnace
temperature field, indicating it can accurately predict the furnace temperature field. Finally, the future
development trend of furnace temperature field online monitoring technology and coupled machine learning and
CFD prediction method is analyzed, so as to provide ideas for obtaining more accurate furnace temperature field
in real time under the continuous advancement of intelligent construction of power station.
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Fig.1 Schematic diagram of the system for reconstructing
the furnace temperature field by acoustic method
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Fig.2 Schematic diagram of the system for reconstructing
the furnace temperature field by TDLAS

5GP T TDLAS R i S gl vr T
WA KGR AR LI E RS, A G RV
JBE i = AR . EAKEERUAE 680 MW HLA
AR A P BEAT T B T O 6 ) b TR 3 A
&3 R SRR T, R DASEIN [R5 2 4P fi — 2R
FESAR LS, %W TUAEAT B 26T & R S
i AR N I A [ B AT B2 A R G AR AR I
& BIESRIEIBOE Kk, AFRTE
BAEB B &, Bot LOCRIE A L%, K
PEESR A ae AR CES A B R A 2 R L, R
UEFRWCES AT LR B A S 88 R AT o . SR, 1E
WG RE PP A R R SR ZU RO GRS, 7
5 FBURSHEOCAE T Bbsh, SMEREOL IR
ARG E RGN E 0, SN E RS E




16 kA%

2025 4F

BOUWIAE, HAER DGR EA & 5, Hkiz)y
TEAE BRI Lt G 1) S B b PR AR /D 22230,
1.3 RS RIS E

PRI BRI B AR R P, 207
EET I ABOCM AR AN B, X LUK IEE &
FIR S BAF RS T, B T IR R SR
BAAESE G XTI B ER, AR T HoAt 5
125, 8 P IR S PR X W i = At P S AT AR 25
M PRI U 2 125281,

B 3 Dy S R R L = 4RI T RGO
B Wil 3 R, AR AR E A = R
b JR B A PSRN LRAG I A IR K K i AR, AR
A5 T b P i A S E R A ] AR . R
WA SR AT B T S S i RS A B SRR 2T,
R MRAR AR S A1 R FE R AR A B AR T, ST
i =i 7 SRS E G P R R, R RO
SfeiEAN Tikhonov 15 U045 B e IR EAT I [ iR
i, ANTITERAG A i — 2k U5 B 3 73 A

S Zile
CCD:!
{ i

KNk % ‘

TR

B3 MEHRGEIER=HEEFRATE
Fig.3 Schematic diagram of the system for reconstructing
the three-dimensional temperature field by thermal
radiography method
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