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Abstract

To address the challenges of accurate and continuous temperature measurement of molten steel
during the converter tapping process—characterized by high-temperature radiation, dense dust,
and dynamic environmental interference—this paper proposes a remote non-contact temperature
inversion method based on a two-stage supervised learning framework. First, to mitigate invalid
background interference in industrial sites, a signal recognition model based on Gradient Boosting
Machine (GBM) is constructed to precisely filter valid radiation spectra of molten steel. Second, for
the extracted spectral data, the optimal band division is determined using K-means clustering
guided by the elbow method, and non-linear salient features are extracted via Kernel Principal
Component Analysis (KPCA) and Lasso regression. Finally, a hybrid model combining Long Short-
Term Memory (LSTM) and Kolmogorov-Arnold Network (KAN), termed LSTM-KAN, is developed.
This model leverages LSTM to capture the temporal evolution characteristics of spectral data and
employs KAN to enhance the non-linear modeling of the complex mapping between spectral inten-
sity and temperature. Experimental results demonstrate that the proposed two-stage framework
exhibits superior robustness, with a signal recognition accuracy of 97.17%. The temperature inver-
sion model achieves high precision, with a Mean Absolute Error (MAE) of 4.9443°C and only 1.08%
of samples exceeding a 15°C error margin. This research provides a high-precision and robust intel-
ligent solution for the online monitoring of metal molten pool temperatures in complex industrial
environments.
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JSEB) 277 A6 DA & i i R AR I SCHRFITAE (4] TIAEAN RIS B, 9 1 2593 1k R il B e A ik
1175 B0 B 5 T B, AR B R AR AT IR IRARAR (5] (BRI BL, % TR BE 5 T (8 7T
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IPZITCAR[6], A A R IE O, A AN 5 ZE3EAT I A A B, AT RE A5 2 J5 42 TP AE
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BT A 7R P PR 5 T B T A QR 5 AR R A IR X PSSR A B S R
TIVERR PRI 2, B DL R RS R A N FIR A, — T TR RS B e . Bk e S R A ]
MO0, B3 — 5 Tt 52 BR T RORLAE TR 6 bk 5 T ) 00 e i 1 5 T AR A2, (S S UL I TR £ 5
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AR A IR B FEAT B S RIGE . FTREAT RS SN DL K 22 Ve e S5 5 T AR %5, H R 2 OB
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ARIFIATIAE LR MM T AR — AN EE T M[10]. SR1T, 5410 T PR BT B & ARG FE R T R iR
(OB ko el U T 2 B L 24 i Y P — P T B, AR 2 o O i B T L M v A B i
PP, AEDCTEAR G A% 5w OR B R 22 Bhah KOG BAR R R FE KPR BT i 5 5 AT 77 A T4, #R
I AE S BUR B4R SHE 5 U™ E R LA O, 1T A DR RS FE 2 I R R

H A1 K 22 0 0 4 S R VP2 R kS B S AT R 7, 27 YRR AN B2 A B O BRI e it
RedE, FIFHIEAMIM(E S OBE, (RIS LR M ik e Ty FR AL, MR ZEHRIH A St e sl s e (1) [F]
RERT S £ S BT 0 2 60 B IS5 G /N T 5 4 2 I 2 R TR AL
SHIL T ORE AP I B KK B BN PR D v BE AR G SB[ 1] 25 o ZL A AE IR (50 °C~400°C) Y il N 12 7. %
BB RS, b )G RGEERER SCLEABEEE 0.95)[12]. fkihEmE iRk, ek
FE F el 55 PR T URT A 5 3R AR A0 R A FE B2, HAE 600°C~1000°C 3 BBl A 1 S R 1R 22 295 3.06%
[13]. Sugiura S AN T — Pk TR5 @ A OBUB A IR 7775, O A DAL I 2 v 7K 2 0 28O
JEEE RS R, STEL T RN R TR I, BRI TR AR PE A1 [14] . Reggeti S A 4
P T — P SO ORGSR, B W RR A E RO 2 R R E, R RGBS
TOAF,  SREIL TR AT R KO HR A PR R 1 e B A R e E R [15]

S FIRGIE MR ARTER 5t FIUS 7 — @B, RIA B S RO e 4 A B AT A7 7
BN RS R, AR ZH NS = BB, ETX AN 0 = g S s A T, A
T IRIEFE IR A - B EZE

BEX R I 1), ASHFE T BRI P R T — PR A U B p 4 P A TR A, AR 2% L T
FOEREEAF AR E RS — 7T, LB B AL TR BE AR AV L(GBM) AN /K AR FE RIS R, 11 30 0 e
oMK Bl BRI RS S 1 N AR e RO, M ISk B T ARG AR U, SR
P H T LSTM-KAN i B S, A B A i R KRR A2 48 (LSTM) [16]78 7342408 6 i i I
)35 A R o B Bh A5 I R4, 3F 51\ Kolmogorov-Arnold M48(KAN) [ 173 AL S i 2 J2 BAIHL(MLP) o

SIGEE SRR, XA S BRSSO R B AT S IR R SR TR, R SR I TP
B4 %15 2 (MAE) 4.9443°C (R R i, SRR, ARETAE80057, AR PR S & vty
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N T SRTHEE RE R BRI S HER P, ASCEE S KAN M2 2% 5 LSTM A2 [ 2% [ 45 7
TR 7K A S 6 B A PP A RFAE 5 R S OGB A5 U, ST IR A0 7K I SR P8 PR v b e B 5 R

2.2.1. LSTM &M%
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Figure 1. Schematic diagram of LSTM unit structure
& 1. LSTM B 5 nEE
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ft :O-(Wf '[ht—l’xt]+bf) )
i, :G(Wi-[ht_l,xt]+bi) (6)
o, :O—(VVO '[hz—l7xt]+bo) (7)

KW, W, W BN TEOBERNE, b, b b, ORI R E R
R, U tanh BRECE OB I IREATIRIRE C, lnK(8):
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AR BEFTA C, wi=X(9):
Cz = ft OCt—l +i, Oét )

FeBRR A& 46 A b, W =(10):
h, =0, ©tanh(C,) (10)
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Figure 2. Illustration of KAN unit structure (Left) and MLP unit structure (Right)
[& 2. KAN B t4E#(Z) S5 MLP BB nER
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Figure 3. Experimental design schematic
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ZHT IR S 4 . SULFEIRS, AN T B A XS AR R KRS (G B . B
Z R L) B R AP 1 BRI, FE R A B [P e 3% 7 — & TOARML, X BEAE T L AT HE, SO
SRR AN A S R A S, BRI A J5 25 B R B S A 2

TEICHEA IR SR T TH, JZi%EH T Ocean Optics A &) 2E 7 1) USB4000-VIS-NIR A G4 g R E A
REGMIZLEEI R, RIS Eidow TR 2B R, Mz s L& Mg g
TR S E DL R R R BEE RE, R AR IE SR RN I A I Tl AR M 5 1

AP I8 K 7V BB A4 E 9 350 nm & 1100 nm, i A8 4 B RS w8 S S5 m] e HL 7 o G LA
1600°C /247 S E KBS R, HOL2 0 #ERFEWHM)ZN 1.5 nm, B4 25 um MOBREETEE, iL&4:
REAE 5 T 73 7% Hh AN KO 1 Bl e R SR A TR IR . RSO R AR Z e R, 0GRt
HH USB #2 Mk EAINUERN, & M4 I 897K 52 B J7 T 1748 4k 26 B 25 AR 43 I IB] (PR A 2 28
R, b — R RE (S S A R A H IR, SCREARE 2 08 1015 e E K P

AR SR R AL H AN 210 WAL IR 150 LS A9k Ok, AR Q235 HRB400 &5 EimiNah,
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VENFEREB 4

B0 2 AR IR OB R0 0l L, BTG AOE L RESZ Y 10 Hz, T # R LU0, A5
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Figure 4. Feature importance and AUC trend chart
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F] 12 M, AUC #HE TFAR(AAUC < 0.5%), HEICIERCET 12 N3k B AR AREAE 25 1], SRR ZKAT
FEPEFN AL

A THIVEAG A RIALAS 22 SR BUAE 0 AT 5 VR RS, ARSIl I JURh 32 30 R AR BT bR i,
i PRERHDT) HIRA(ET). B IR THHL(GBM). K IE4F(KNN). HEE 2 THLGBM). BENLARAK(RF)-
SRR EAHL(S VM) LA SR st b BE 32 THXGB) o B I it 2 Hp SR FH X 4% 44 22 (Grid Search) 5 A\ TS AH 45
BRGNS, XA R B e A S S B R ), Rl A 5 H1 a8 X8 IE(5-foldcross-
validation)f] Grid Search CV 775K S HA &, TR THEANZ A RE ) 5 R e 1t .

AR, GBM (B EREFN)EE B3 HS TG FRIESHE: #=2%FE R 0.05, mKNIKEN S,
TREARLLHIA 0.8, H/NTrRFEARKCN 10, M7 s/ MEARE S XASHAEMIRE (= 1214) R
H, HXE R ARE R A 5 FR, JEE R BV FeAR RIS T AR R 1.
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Figure 5. Confusion matrix of the GBM on the test set
& 5. GBM Mk &R B

Table 1. Performance metrics of classification models

= 1. D EERE I REIEIR

Metric GBM DT ET KNN LGBM RF SVM XGB
Accuracy 0.9717 0.9390 0.9341 0.9324 0.9438 0.9439 0.9184 0.9406
Sensitivity 0.9647 0.9364 0.9435 0.9411 0.9523 0.9552 0.9529 0.9482
Specificity 0.9746 0.9404 0.9290 0.9277 0.9330 0.9378 0.8998 0.9442

PPV 0.9535 0.8943 0.8774 0.8752 0.9001 0.8923 0.8367 0.9015

NPV 0.9809 0.9364 0.9435 0.9411 0.9525 0.9552 0.9529 0.9482

F1 score 0.9591 0.9149 0.9092 0.9070 0.9259 0.9227 0.8910 0.9243
Kappa score 0.9382 0.8674 0.8576 0.8540 0.8899 0.8788 0.8263 0.88193
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4.2. B TUIARLR

4.2.1. HEMALIE

LN KAFAEE R, DR BA DS REA Y B BUN/K RS E 5, TBIFEARR S 1044 M KIE
1E(350~1150 nm). FEZREE MBI LB Ve 1 M 5Bk S oF i A B e YT DL 48T, B
BHATRHE RS, R =P BURAR .

B, ETRENERYIRHES K-means FUEHHTIERI . R AR SiRdR e 1E MR
AR 22 (1A 800 BEB S AE 15 nm iAo BT A AR EE A AR m L e ik, 8 B AR 22 5T N K &
TUA . BRIk, ASCRA K-means SPARA BT RIS ERBSHIIHE L, A SOFRPAKIAER RS,
MRS T A& IR W R i R R E IS 2 EE e 8, 1B 10 nm AR AN 73 RRIE AT 1 S5 3L
B X EM IR AN RIS RE OR B IS — P MRG0 B, M LE DR s 4 4 P P[] I i3 17
KPR SHE BRI BRI b R, BB R IR G0 70 M —BURHIE T -

HR, B8RS 53T (Kernel PCA)REUAEL 4544 25 RS 21 TV 3037 = vk B R R A W i S5
o B AR I 5 MK IR A L S R R AR AR G R R . TR G AME PCA TRk
WRIR B AR LRI S50, A SO A% 1) 55 A% bR K SRS I (R Bt il it 2 i 4B 1), USRI
RN BURHIE, JFORER Rt TJ7 Z TR Z T 95%1) 25 M E ST .

W, J8IE Lasso [BEIEFATRAEM AL . D95 B -5 U0 B T0 I IR TU AR 4 P 1Y AR AIE I e PRI ) 21 5
AN, AR T ANTLERIRZS, MR HPRER 10 #7538 X3S E(10-fold Cross-Validation) i FE££ X}
NGB TSH T . BAWE T IR UEER I TT R 22 s MU s A IE AL 230 0.008.. &30 1R )
BRACACERHE S, A REHECRTE 19 DNOCHEFIE. IR PCA WUt Lasso ik p U 4t 5E B0/ AF, DARA
TR JE SR M AFEAR AR 1) — Bk

4.2.2. {EBEST

ARSCHTH ) KAN-LSTM BEAL S5 BRI R DUt i 6 FioR, BRI R FH XU S 4R M kgt 4T
BT, A0 3000 B S RARHE 2 5T 0 (K 65 5 P 28 5 5 se i PP e o 78 M RTRRAE 4 S IRis 47 i
FE2rh, 23 1 B KAN BEESR 2 57 i 20 (0 5% 5 50 i AR 2 MR e, MM LE 3R 1A 75 THI 1Y) B8 ) e 19
DASER, 5 [RIN, 76 FRARAE 2 S B, DU LSTM 45 MR 42 3t ' 1 it 18] e 37 B 265 1 3h A5 F e
B, XA 5 SRR AR 4 23 IR 2 b CARL & B4, TEA I A4 2 5 AR M oS of B b 2
IR R, e R VA TR SR K ) P S TR AU

4.2.3. =30

SCEG P FH B BRI EG 1 4132 MREAR, B DMFEARES B 19 4ERDGIERHER ) . BdE 2
MRHE 8:2 M B A L A8 e Kl 4 BN ZR4E.(3035 AMFEA) SMHASE (1097 MEAR) o BRI BT I TT A B 23R
WUoF SCEERI): MATRRIE 2> SR 3 )2 KAN BEERFTAL R, B FHRRIE 7 3O B 7 2 LSTM Aty gk
MR, I HAAZ I B R 512 eI It AR 4 N4 =K B 20 (%3 s2 s fR] e 4,
SRR 7K R B 1) BN A T A BRI FR 1

WIZRRT S (5 B Adam fRAGES, HEWILES T2 B0E N 5.5 x 1074, I BAE B T 3025 R FENLHIAE HE 0
BEAG. ISR R R RLCR /N A 256 IIHLERSRNG, (6 A 7RI 2R A8 R4 T, S T BERE R 1L th i
PLA IO, BALRYE LSTM 5482 2 RN LL5] X Dropout (£ 3%4 0.2)LA K L2 1E AL (AU E 3%
FECH 1 x 107358 . BMNNZIFEE T FAFHLE (patience = 10), MR LRAERI Y M R B S UIRES
IR ZRgh 28 1 b
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gridferh, BEALESS 103 4> epoch 1A B AL RE G il R FATHLE], ARk TG . w24l
9N 0.0085, FGAEHIAN 0.0121 (& 7), PR ZEMAE)N 4.9443°C, ¥ITRIRZE(RMSE) A
6.3798°C, HERE(R)IEE] 0.9783. AT HF ISR 6.9 x 107, KIREWHI(A > 15C)N 1.08%, *&
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Table 2. Performance comparison of different temperature inversion models
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Training Set Validation Set Test Set
Model
MAE RMSE R? MAE RMSE R? MAE RMSE R?
KAN 5.0125 6.6104 0.9635 5.1033 6.6505 0.9612 5.2134 6.682 0.9675
LSTM 5.8022 7.3954 0.9536 5.8158 7.4761 0.9533 6.1223 7.7427 0.9559

Transformer 5.3801 7.1864 0.9563 5.3937 7.2364 0.9563 5.3974 7.2293 0.9616
RNN 5.1046 6.9082 0.9593 5.2343 7.1059 0.9578 5.1064 6.9615 0.9644
KAN-LSTM 4.812 6.2156 0.9801 4.895 6.3105 0.9791 4.9443 6.3798 0.9783
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