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Dual Attention Recurrent Neural Network for Molten Steel
Temperature Prediction with Converter Continuity
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The steelmaking process involves the removal of impurities from molten iron to achieve the desired material
properties and ensure the quality of the final steel product. Proper control of molten steel temperature is crucial
because it directly and indirectly impacts product quality. Inadequate temperature control can lead to defects in
the final product or failure to meet the desired material specification. Traditionally, machine learning algorithms
have been applied to predict molten steel temperature by treating each steelmaking cycle in the converter as an
independent event. However, such simple regression-based approaches often fail to capture the sequential
characteristics of the converter process. In this study, we propose a time-series modeling approach that
incorporates residual heat information from previous cycles to better reflect the continuous operational
characteristics of the converter. This method enables the identification of operational patterns that conventional
models overlook and demonstrates improved temperature prediction accuracy. The proposed predictive model is
expected to contribute to future optimization of raw material and energy inputs required to achieve the target

temperature.
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Figure 1. Overview of the Steel Manufacturing Process: Raw Materials, Such as Iron Ore and Cokes go Through the Blast Furnace,
Converter, and Continuous Casting to Produce Semi-finished Products, Which are Then Rolled Into Final Products
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Figure 2. Diagram of the Converter Process Including Charging, Blowing, Judgement and Tapping
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Table 2. Descriptions of the Variable Categories. The Scrap category consists of 12 variables, each representing the input weight of a specifi

scrap type. The Product category defines the process objectives, containing the target values for the final chemical components. Th

Molten iron category includes key features that quantify the initial thermal energy and properties of the hot metal. Finally, th

Oxygen category comprises the primary control factors and energy inputs used to adjust final temperature.

Category name Characteristic

Variables

Scrap Input weight of scrap type

Scrap#1, Scrap#2 -+ #12

Product

Target values for each chemical component

Target of C, Mn, P

Molten iron Thermal state of molten iron

Initial temperature, iron weight, scrap weight, heat
source, waiting time

Oxygen

Energy sources to reach final temperature

Total volume of oxygen, raw materials, slag state

properties : counts

scrap : 12

product : 3

~  concatenate

Figure 6. Schematic Illustration of the Feature Encoding Process: Independent Variables are Grouped Into Four Categories Based on

Their Properties, Each Transformed Into a d-dimensional vector. The resulting vectors are concatenated to form a structured

feature matrix for the attention mechanism
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Table 3. Regression performance comparison with and without
variable categorization: The table confirms a significant
performance improvement when the hierarchical

category structure is applied, highlighted in bold.

Algorithms MSE MAE
Linear Regression 163.3 9.93
Linear Regression with Categories 144.1 9.37

<Table 3>°] Ao A & 5 QI%0|, AZH 7He 18] 72
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Figure 7. Multi-head attention with categories (MAC): the concatenated feature matrix is linearly projected to obtain query (Q), key (K),

and value (V). Scaled dot-product attention captures dynamic relationships and relative importance among feature categories.
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Figure 8. Final Output Projection of the Multi-head Attention Layer: Outputs from the Parallel Attention Heads are Concatenated and

Transformed Through a Final Linear Transformation 17, Producing the Output Vector z'. Each row of z' represents a

context-aware embedding for one of the four feature categories
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Figure 9. Category-wise Feature Aggregation: The Context-aware Embedding Matrix 2', which Contains the Refined Information for All

Four Feature Categories, is Aggregated Along its Category Axis to Produce a Fixed-size Context Vector Summarizing all

Feature Information at the Current Time Step
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[Abselute life embedding, {4 X d.}]

10 G ARE wkgsof gtk E ATl o] & sl
T TS IAE MY o4 HEE 715skal, <Figure
10>3} 20| lookup table 7142 Ou]xﬂﬂréﬁi B e

(Mikolov et al., 2013). ©1& &3l 2t =+
£ WE F1hol WAststa, o] % AA
A Aol EH o R S8 F IEE ST o]
7474-2] hidden state A 2> AA| o] attentionS 2 -85} |
ol AJAIY attention Ao A O Yo}, A& FA AA9] &
3t 24 A7HE o] dstE dHd, S A E =33 FEE
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[Relative life embedding, (50 X d.)]

Index Vector, {(dim=d, } Stage Index Vector, {din=d.}
] [...] Start ] [.-]
1 [ Eaily 1 [.]
2 [...] Mid [...]
3 [ End 4G [...]

Figure 10. Look-up Tables for Absolute and Relative Life Embeddings: Temporal Information is Encoded Using Two Embedding Matrices.

Absolute life is mapped to one of four process stages and then to an embedding vector representing the converter’s long-term state.

Relative life (the charge index within a cycle) retrieves a separate embedding vector capturing short-term sequential context.
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Figure 11. Computation of Time Context Vector ¢ Via Time Attention: Absolute and Relative Life Embeddings are Combined Element-wise

to form the Time Embedding Matrix e,. An attention mechanism assigns weights «, to each time step, and the final context vector

c is obtained as a weighted sum, enabling the model to focus on the most relevant moments in the sequence.
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Updates its Hidden State h, by Integrating the Previous Step hy.1). This updated hidden state is fed into a final prediction layer to

estimate the temperature §.
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Table 4. Hyperparameter Search Space for the Proposed Model:
Optimal Values were Selected Using Grid Search. The
final configuration includes a MAC hidden dimension
d=128, number of heads h=32, and time attention hidden
dimension dt=16, highlighted in bold

Hyper parameter values Notation
MAC hidden dimension [64, 128, 256] d
MAC number of head [16, 32] h
Time attention hidden dimension  [16, 32] d,
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Table 5. Performance comparison between the proposed model, recurrent neural network models and baseline regression algorithms:

the proposed MAC-time attention model outperforms all the other methods across all evaluation metrics, with the best results

highlighted in bold
Algorithms MSE iMSE MAE R2 £10C(%) +7C(%)
Linear Regression 163.3 144.8 9.93 0.381 59.4 434
Ridge 163.3 144.9 9.93 0.381 594 434
Lasso 193.7 176.9 10.94 0.265 53.8 38.7
Elastic Net 170.1 152.7 10.20 0.355 57.1 424
Machine .

. Decision Tree 171.7 154.1 10.28 0.349 573 425

Learning -
K-NN regression 182.3 164.9 10.57 0.309 56.0 413
RF regression 150.5 1322 9.57 0.429 60.9 454
GBR 149.3 126.1 9.53 0.434 60.8 455
XGB regression 144.3 131.3 9.35 0.453 61.7 46.4
Recurrent LST™M 140.8 122.5 9.33 0.462 61.8 46.7
Neural Network GRU 140.5 121.8 9.31 0.463 61.9 46.8
Proposed MAC-time attention 130.7 1109 8.96 0.500 64.4 474

SYA A7) obd A%l NAGE SR AT E
5 o2 o] folshl B4ES AF, B AT 7]
ool B g S a,

ol Holyt 5 oB, B8 £10T 0 £7C L&

HZ A Ee ARTE /1S5 ot 24 AP

o FAEE A2 TP B4 A%EE 32 Aol o}

S Qo] MU BA A mulo] BRA 02 Shraa wh
[

(o3

of2
e}
el
(o
f
£
N
rir
iin)
=
AU
e
4
%0
o
G
A
m}!_‘
o
N
o
ot
ol
o

fu o

F7H8 0.2, 7} attention LEL] EIE 5317 A9, time
attention 73 84~E A 713 MAC-GRU T2}, category atten-
tion A Ak Time only GRUAAIE 8 A1 4% 2d S HE
2 ") watAth MAC GRU B2-& 7H| 18] 9wl 2ho] s
A-gRkE astal, A7 & Y] AR o ARE E8aHA
%e= TFZE GRU YH 9 time context HE]E L3}5}A] S
TZ0|t}. & time attention 77} A|AE A Ao 1 2
4o e Ted] 14 S7hehe AR YEER e,
ofof th3t YWE B EA5kA =Tk o] 2 U3f F
ARE R Yol A AEHR oJn| & 2k7] of ¢, Az o
= GRU Ao] A3 71l whe} A9 8= hidden state T .2 4
2o d ol dg FY e 22 B3 2 EAE

B A o7 el of she 727 At o] 2l g 724 A

0.2 Qlel| <Table 6>2] 235 2 MAC GRUT MAC-time
GRU thH] BE AFoA 5ol tha Askd e AT 9l
o} o] = ARt F 9] 7 24 Al o] &% o Sl Bl = 7]
5 2do| 853l E AAH time attention 7327} TS
ANAE A st 2 s 23817] ofg & A2 Ao 1
A ol thgk AlZE et YR E Bsta Qloke A
B oJET o= time attention©] T AEE A|HEE A3
FEFOEN HAE Y AALGH 2 3 EAS a3 0
Etgste vl 283 98-S 7S BT

Time Only GRU 2922, time attention ZETHS 4|3 2
2, HFES 1535 attentionS 8= MAC TZ2E A
A Ao E BEHTFE IRHHQl 37 Bd o] @ |
2 Agshk= 2|t} &, category attention®] A AF 74,
Hl =3 A E o] Wi Eo] 8749 250 Y FFE & AL
ok WAA AE Zdo] HAH R 2EskA] xahal
Aol & HEEH o] 2R Q3| TGl TS 4S
AES A Stk HY ZF, Time only GRU E&&
MAC-time GRU thH] B 2|34 5o Ashd S gl
Atk olE MAC 72713218004 21713 4 We] o]
AR gl EAE EHH 02 s sty AAHL ¢5H
E4 HHE Ao N B Pg Al dhss Fe -
83 A4S TPt YSS B ETh

npA ko 2 A ¢ 3 g o] Bdof 7]oste A
SENEA R Ttotsty] ffs), 24 ol thE e HE]
£ A3 <Figure 14> Ad] 98 AHlQ HE Q] 74
Aol thek L2-norme A28} g A 02, A% iAo Y
HE 27|17} 7P A0, o] & 271, T TR A AHAF e
& H, @7 oA dA FEAM FAEE ST 7

ATk,

E

(o



AL 542 $7AXEASET AT AR ASA 7T 7L oA

g4

i)

93

Ay

Table 6. Ablation Study on the Attention Modules: Incorporating Dual Attention (MAC-time GRU) Improves Performance Across all
Metrics Compared to the Model Without Time Attention (MAC GRU) and without Category Attention Modules (Time only

GRU)
Algorithms d, h, d, MSE iMSE MAE R2 +107C(%) +7°C(%)
MAC-time GRU 128, 32, 16 130.7 110.9 8.96 0.500 64.4 474
MAC GRU 128, 32 136.1 117.6 9.15 0.480 62.5 47.0
Time only GRU 128, -, 16 - 138.7 120.6 932 0.461 612 46.0
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Figure 14. L2-norms of Absolute Life Embedding Vectors: The
L2-norm Peaks at the ‘Start’ Stage, Reflecting the
Distinct Thermal and Chemical Conditions of Early

Operation. This indicates the model effectively
captures domain-specific characteristics.
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Figure 15. L2-norms of Relative Life Embeddings for the First 10
Charges: Higher Norms at the Beginning Indicate that
the Model Captures the Greater Complexity and
Importance of Initial Charges in a New Cycle

(=]

<Figure 15>+ A% 24 AbolZ W 21 A= (108 4)2] 4

o) = g WE 9] L2-normS A28} 3 Az, Ao
I oA 2 A WA A1 9ud dE Y 277 1 A
AT Tl FUHETE A At dd e A W
A A& A 2HNM ZF 25 25 HE T o7 A
glol o7t thAl 29& AN A2, A2 Yol S35
AE G0l BAEE YF 24T, 2 E8 29 AE
A3 Y85 F7IE BUsof stz AAH o2 I& £

AT

5.4 &

B ATFE AR A 84 HF &4 25 95 g%
5 FEN717] e, 2H 9 AT AR S o] e R
E WG AAG 71t oS BES ARSI 7129 H2
WAL 7t AA & SHE A B9 E ATt d5E 7Y
7] wizoll, 29 1 A7 sl 2 AR S et 22
A& 24 Ao 25 AT A= S wtgstA| 3t
< SAZE AATE olef B AF = =Y SES AALE AT
Aeta, 2 248 7152 07 FE3 category attention, L
g Az Ao 1 9 ) 8 ZFEE WA 33 time at-
tention< &3l AFE 24 WS WYL F JLE A5
Aok AE A3 Abet mdl e M E A9 87 7|9k 2 tv]
BE WA RAA S5 e B on, 53] 10T 9 +

7C WY L5 AFEAAE § 3¢ 2, ok &)
F7h 9% o Qg B4 B, Ao g 5 2 29

o
g
ot
o

W~

>

540 A AR 25 Asol o FEFS vAH, 2
o] o] 5 &334 0 2 sh5atal E8-3HS 39159t o]
AT e ded S AYE FHE Hol, FF 22U A
53 2 Al HAg 79T 4 = k7|2 3 7
Stk B3], B8 2% 2AL 9% U8 §UF 9 A4 HY
Z79 A Alo], EE a3 I B iA), 34 HEA 93t
A= EHoZ &8E 49l o= Ut} £ Y
9 &5 dF RS VO 9ol 51X 257} TR
S u O3 Ak, A7 S Ao 7 FedkslE 3 A}
53} Al 2"l A2 Y3 55 AT E WY o Ho|}. o] =



94 Kyung Seok Han -

551 BE A58 Fol 439 34 A) AHaAA o
41 F 95 ATY A2 455 A2402 VAN ¢ 3
P ELRIEEE

Faed

Breiman, L. (2001), Random forests, Machine Learning, 45(1), 5-32.

Chen, T. and Guestrin, C. (2016), XGBoost: A scalable tree boosting
system, Proceedings of the 22nd ACM SIGKDD International
Conference on Knowledge Discovery and Data Mining, 785-794.

Chung, J., Gulcehre, C., Cho, K., and Bengio, Y. (2014), Empirical
Evaluation of Gated Recurrent Neural Networks on Sequence
Modeling, arXiv preprint arXiv:1412.3555.

Cover, T. and Hart, P. (1967), Nearest neighbor pattern classification,
IEEE Transactions on Information Theory, 13(1), 21-27.

Feng, K., Yang, L., Su, B., Feng, W., and Wang, L. (2022), An
Integration Model for Converter Molten Steel End Temperature
Prediction Based on Bayesian Formula, Steel Research Int., 93,
2100433.

Friedman, J. H. (2001), Greedy function approximation: A gradient
boosting machine, Annals of Statistics, 29(5), 1189-1232.

Gu, M, Xu, A., Yuan, F, He, X., and Cui, Z., (2021), An Improved
CBR Model Using Time-series Data for Predicting the Endpoint of
a Converter, ISIJ International, 61(10), 2564-2570.

Hochreiter, S. and Schmidhuber, J. (1997), Long short-term memory,
Neural Computation, 9(8), 1735-1780.

Hoerl, A. E. and Kennard, R. W. (1970), Ridge regression: Biased
estimation for nonorthogonal problems, Technometrics, 12(1),
55-67.

Jo, H. J., Hwang, H., Phan, D., Lee, Y., and Jang, H.(2019), Endpoint
Temperature Prediction model for LD Converters Using
Machine-Learning Techniques, 2019 IEEE 6th International
Conference on Industrial Engineering and Applications (ICIEA),
Tokyo, Japan, 2019, 22-26.

Li, X,, Liu, J., Zhao, Y., and Wang, H. (2023), Carbon Neutrality
Orientates the Reform of the Steel Industry, Journal of Iron and
Steel Research International, 30(7), 1543-1553.

Mikolov, T., Chen, K., Corrado, G., and Dean, J. (2013), Efficient

Seoung Bum Kim

Estimation of Word Representations in Vector Space, arXiv preprint
arXiv:1301.3781.

Qin, Y., Song, D., Chen, H., Cheng, W., Jiang, G., and Cottrell, G.
(2017), A Dual-Stage Attention-Based Recurrent Neural Network
for Time Series Prediction, Proceedings of the 26th International
Joint Conference on Artificial Intelligence (LJCAI), 2627-2633.

Qiu, X., Zhang, R., and Yang, J. (2024), Prediction of BOF endpoint
carbon content and temperature via CSSA-BP neural network
model, J.Iron Steel Res. Int., 32, 578-593

Quinlan, J. R. (1986), Induction of decision trees, Machine Learning,
1(1), 81-106.

Seber, G. A. F. and Lee, A. J. (2012), Linear regression analysis, John
Wiley & Sons.

Tibshirani, R. (1996), Regression shrinkage and selection via the lasso,
Journal of the Royal Statistical Society: Series B (Methodological),
58(1), 267-288.

Zou, H. and Hastie, T. (2005), Regularization and variable selection via
the elastic net, Journal of the Royal Statistical Society: Series B
(Statistical Methodology), 67(2), 301-320.

A A2

A Aol A2A B4 20134 S 1912 A,
2013'd Posco®l] YAF & ZE-51T}7} 202413 HE] T sk AHY

OE] 44?5]-_,/]. S| }\].J,}_FH oﬂ ;(H 3t = o] E]- o] A L=} 0]:_ Timeseries
Regression, Deep Learning®] T}

ZARW o gt 2h) A4 B F
T o ¥ TE %
%}, gk o] Huto| g 8t3] 3148 A g Th. v University of
Texas at Arlington 2+ &8t 2ol A w4E Y3191 0.1, el
gl Ao A FAEHE vT Georgia Institute of
Technology ol A AF Al 2-8ll-g-8F A A} 9 BkALSRS| & 2 535
o )IE A, HAlE Y, A3} H“ﬂ% & 7Sl o] & Thekdt
38t AkA 7}, Abs] 38} ofol| S-8-8h= AT FekaL Qi

LS = Eaa B S

WFZ 2009 FE A A5}
71g A E HAIE AlE
Q)

>{t



	제철 공정의 용강 온도 예측을 위한 전로 연속성 기반 듀얼 어텐션 순환 신경망 모델
	1. 서론
	2. 관련 연구
	3. 제안 방법론
	4. 실험
	5. 결론
	참고문헌


