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Research on sinter quality prediction based on GW-Attention-DFNN

Yang Xingwang Yang Aimin Xue Tao
(College of Science, North China University of Science and Technology, Tangshan 063210, China)

Abstract: The performance indicators of sintered ore fully reflect its quality, and the quality of sintered ore, in turn,
enhances blast furnace production efficiency, reduces energy consumption and fuel ratios, and promotes green smelting
and environmental protection. In the process of predicting sintered ore quality. traditional deep neural networks suffer
from poor interpretability, while fuzzy neural networks, which offer strong interpretability, are prone to issues such as
rule explosion and difficulties in parameter tuning. This paper constructs a predictive model that combines fuzzy neural
networks with deep neural networks. First, by improving the CBAM channel attention module, the model calculates
both channel and spatial attention for input features to fuse effective features; this enhances the model s ability to
effectively model complex nonlinear relationships and dynamically allocate feature importance. Furthermore, by
optimizing the model using an improved Grey Wolf optimization algorithm, the model’ s predictive accuracy is
improved. Finally, experimental studies were conducted on the prediction of sintered ore drum index, sintered ore
alkalinity, and RDI, ;. achieving high accuracy and validating the feasibility of the proposed model and algorithm. A
comparison of the four models—GW-FNN, GW-DFNN, Attention-DFNN, and GW-Attention-DFNN-—revealed that
the GW-Attention-DFNN model achieved an R* of 0. 968 2 for the drum index, 0. 975 0 for sintered ore alkalinity (R),
and 0. 964 2 for RDI, 5 ;. These results indicate that this model performs well in predicting the quality performance of
sintered ore.

Keywords: properties and indicators of sintered ore; fuzzy neural network; deep neural network; grey wolf

optimization algorithm
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Table 1 Prediction indicators and input parameters
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Table 2 Evaluation indicators of each prediction model
oLl 46 b 7Y MSE MAE MAPE R’
GW-FNN 0.175 5 0.106 5 0.161 2 0.852 6
— GWTDFNN 0.141 1 0.092 3 0.139 6 0.926 0
Attention-DFNN 0.073 4 0.091 6 0.138 5 0.946 6
GW-Attention-DFNN 0.011 8 0.085 7 0.129 8 0. 968 2
GW-FNN 0.119 4 0.869 0 0.488 1 0.845 4
Yt B B (R (}W.—DFNN 0.107 3 0.677 8 0.380 6 0.922 3
Attention-DFNN 0.372 0 0.453 1 0.249 5 0.956 1
GW-Attention-DFNN 0.127 5 0.278 7 0.154 2 0.975 0
GW-FNN 0.454 0 0.167 0 0.222 7 0.839 7
RDI. GW-DFNN 0.426 1 0.164 2 0.218 8 0.900 9
Attention-DFNN 0.416 2 0.156 9 0.209 0 0.951 4
GW-Attention-DFNN 0.353 2 0.150 2 0.200 0 0.964 2
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Table 3 Evaluation indicators of each prediction model under five-fold cross-validation

SURIEE S 7 MSE MAE MAPE R’
GW-FNN 0.184 4 0.107 5 0.162 7 0.928 8
] GW-DFNN 0.141 2 0.093 3 0.141 3 0.985 7
gl R R .
Attention-DFNN 0.043 0 0.092 8 0.138 8 0.985 8
GW-Attention-DFNN 0.012 9 0.091 3 0.132 2 0.984 9
GW-FNN 0.117 7 0.855 8 0.481 8 0.895 6
B GW-DFNN 0.144 1 0.503 9 0.282 8 0.908 4
BEGE I BE (R) ‘
Attention-DENN 0.125 3 0.266 4 0.147 5 0.981 4
GW-Attention-DFNN 0.110 1 0.244 0 0.136 7 0.966 1
GW-FNN 0.481 2 0.172 2 0.229 4 0.978 1
RDI GW-DFNN 0.410 5 0.159 2 0.2120 0.988 3
o Attention-DENN 0.399 1 0.157 3 0.209 4 0.982 4
GW-Attention-DFNN 0.394 1 0.150 1 0.200 9 0.981 8
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Table 4 Parameters of model training process

SR bR LI EE PREEH I (R) RDL,; 5
Hidden_sizes [480, 118,70] [509,224,20] (512,256,112
Num_epochs 2 329 884 1832

0.005 290 433

Learning rate

0.001 609 288 0.002 499 480

LR, S B AT RIS E A S T RS 4k R
P AR AR S R IR R, B A EE S R

WE S5 Ca) F1 (b)) BT 7R, 40 R /s T 2% 455 48 A 51
RDL, ;. 5 Y25 4 Rt 48 B 9 R 80, B i DL
RDL, ;. 5 AR 2 T30 25 5 R0 B0 52 0 2 ) AR T 447 1 2
S B TN 25 R 5 I 2 1] R BT R A 1 UG AR
S X L TG 5 ST PR A A R AR I SRl AR T BB A

80+

3 o HSE
P - EME
78 ' . ! ‘
" % Pl i Foaull |
770 Yy et 18 ‘-".‘I‘J i":‘:&';;‘
gof Tl L W Bt o
B Tana et s el I R
o e [ Ao e Al R
IR 1;?:.: \.: i; w‘l'i*" Wl 1\”a.£+ ' F‘l‘
| . ‘e . | | i
73 % ‘L\ Ll ! .L { by
72 l i

0 25 50 75 100 125 150 175 200
WERE
(a)RDI,  BUIASE
(a) RDI,  test set

AR R AR AR i R Bk OF XA RRE AT T A
AR, AR RN iR 2 (MSE) y 0. 127 5.R* K
0. 975 0. 45 %} 1% 22 (MAE) N 0. 278 7 £ Fh 4k S 44 F 0, A5 50
EWER MR E M AR AR T A AN BRI, FE52
FE T o P v, AR (0 A i 5 S PR WL (B 2 R Y 25 S AN
BTG 537 B WG B E, i — 2B 3R WA R BE A AR 4
iR E AR AR Y 7 22, T 25 SR 5 SR A 00 i B — B

80

. Bl
79 | .. B
. ' o f ‘
78 .« ¥ 3l ot :‘ ]
UBERR ST AR
ol I
@76 ER e Pt - . ‘:-\ Tes ¢%%
= KRR TR AR A AT R I ™
g3 i ! < | e % )
50| '“*3- & ;:-:'; )i ."[ Il :E;‘u' ‘:47 J.“:'\;
welw | . 3 Wik
p a3 tisital ) "‘ll*‘t Wi wpl PR
YL S . ‘L9 ¢
73l 4 sl | f {
72 ! “ :

B
(b)RDI,  VIZ5EE
(b) RDI_, |, training set

3.15

Bl 5 B S B E A £

Fig.5 Comparison of the index between the actual value and the predicted value

WA 6 Ca) A1 (b) BT 78 7T LU BB 45 07 6 (RO 1Y) &5
(B 5 000 {22 0 9 %o L Tl 5% 775 T b R 7R T AR S B
FA e B, R b B S S 0 Y 43 A LT
B 2 WA Y B 06 5 B b 750000 5% 45 B A% BB (1, O HL 5 5
B A P 1 B — B, XOP R — SO R TR A A A
BeGE AT 5T i REAE D7 TR AR K RE D, BB 7E 2 A8 1 Tl A 8%
HR O T T I O R R A R P

WE 7 M) T 7R, 5% g5 15 000 B 92 (8 5 U =2

[ (868 L P A A5k 3t e s 1 A R A 52 s D ) G S
AE. MG AT DU 2, 05 (H -5 10000 (8 =2 () 2 B o1 i
AR AR O 2R, 3 WA 7 ) e S5 48 0 1000 7 i BB A 1 AR
GFIZBCR . DA b i LR B 2 AR LA i 1 19
{H . BB e 2 7 A 7 ok A v 2 e 4 32 LR 2 R 40
T4 15 7 i Jo A 7 2R
2.3 EBITHERSHEAITESN

VARG BT8R T3 I A Mk 7 5T B a] o AR SO —

o« D7 o



B E € F oal ® #H £
g ] 53
22 T . ] 22 . : f ? f
j ' T 3 \‘ T T f I {J .T .
=20 ol o L !M,‘,M-ﬂw el ol 1 20f 5 1/ AR ) “"T“* ,zu ot
® 8 |/ ik A 7‘,‘!“” y nu.\] TQ ity LN m o . i ASRINE D PR, I ko x P
6 **iﬁf W’?‘.mﬂhlwﬂmiqu . H‘@lﬂﬂ!}. fw Eip‘@‘w lrﬁ; Wfl
14 I ot |t 14 : ! ! 2

3
(2) BEGH BRI SR

(a) Test set for sintering ore alkalinity

A 6

(b) BRG5H WAL VI R

(b) Training set of sintered ore alkalinity

PR B S S I R LG
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