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Online Prediction Method for Silicon Content of Molten Iron in Blast Furnace

Based on Dynamic Attention Deep Transfer Network

JIANG Ke' JIANG Zhao-Hui"? XIE Yong-Fang' PAN Dong' GUI Wei-Hua'

Abstract The molten iron silicon content, which can reflect the thermal state in blast furnace hearth during the
ironmaking process, is difficult to detect in real time. This will cause blind adjustment to the quality of the molten
iron. Hence, this paper proposes a data-driven model for the online prediction of the silicon content based on
dynamic attention deep transfer network (ADTNet). First, considering that the deep network cannot accurately
describe the relationship between process variables and the silicon content based on static modeling process, a
dynamic attention module is designed to describe the dynamic relationship between the inputs and outputs. Then,
to reduce the dependence of labeled silicon content samples during model training process, an online prediction model
is established based on minute-level temperature data after considering the positive correlation between molten iron
temperature and silicon content data. Subsequently, using the labeled silicon content data to fine tune the parameters
of the well-trained deep model and improve the silicon content prediction performance based on dynamic attention
deep transfer network. Furthermore, to enhance the interpret-ability of the deep black box model, the contribution
of process variables of each sample to the silicon content is presented based on the dynamic attention module.
Finally, industrial experiments of No. 2 blast furnace in a steel plant verify the accuracy, effectiveness and advance-
ment of the proposed method.

Key words Blast furnace ironmaking process, silicon content of molten iron, deep network, transfer learning,
dynamic attention mechanism, prediction

Citation Jiang Ke, Jiang Zhao-Hui, Xie Yong-Fang, Pan Dong, Gui Wei-Hua. Online prediction method for silic-

on content of molten iron in blast furnace based on dynamic attention deep transfer network. Acta Automatica Sin-
ica, 2023, 49(5): 949-963

P RGO AN R IRE P i A T, 2
PRV O R B BT, Rk g I R

ok H 1 2021-06-10  3RATHI 2021-11-02
Manuscript received June 10, 2021; accepted November 2, 2021
5% AR B3 4 (61773406, 61725306, 61290325), 5 # KR

WX SBHHIIH (61927803), H1HE AW FE A4 B AR F B 0 H
(20212zts0183), WiFE & B FLAE R QIEI T H (CX20210242) B

Supported by National Natural Science Foundation of China
(61773406, 61725306, 61290325), National Major Scientific Re-
search Equipment of China (61927803), Independent Exploration
and Innovation Project for Postgraduate of Central South Uni-
versity (2021zzts0183), and Hunan Provincial Innovation Found-
ation for Postgraduate (CX20210242)

AICTERZE WML

Y REAE e KA AE 77 A B v B 12, R Bk A
R AR B2 R MR VAR ] = A A A

Recommended by Associate Editor CHEN Sheng-Yong

1. R R E SR KD 410000 2. BBRSEIE = I
518000

1. School of Automation, Central South University, Changsha
410000 2. Peng Cheng Laboratory, Shenzhen 518000



950 H 3

S 49 %

AR PLAE, BAES G AR 2k &R
R AR SRR, H N RS R A B IR Y B A
SSE, I 2 A G Rk K L ANk T 2 S
B SR ERRE, B Rk, HE R SR,
“HIR” BIFEREOC. RO, SR8, R ISR
R, ONFET BB BEALAT. FEHE. BN 5L B
B A B RCAS. A T R X P R g, il
FE A OB I BE 4B AR 1 ST 4%, 7E Tl R 2R
2T Tz RN,

BRAK R 52 mbr i e ad E Hh RAE K 5T )
HEIRPR, 2 S L P R RS R L i R
faoRA). BoKEE S WAL, SUPOKYBEAAZE, I
TR 8 AN 25 T 3t P VR 45 3. BRK IR
B, AR T ERPOK A F o RBEAR, H
e E K N AR AR R AR e, WA
BEAR H 55 5l Bk, 53 4b, Bk i e i i o ok
PSRRI TR, S S EURRL RSP
PR A e YR VR B R BRKRE S R AR SR
TORE it Sr AR 7K it ot PR K, 4 A — A5 BT
BRI, G A SCAITE e i o 6 G P A k) 7 A il £
0.3% ~ 0.6%. H i, mtr Il 3 20m N T
KA JE B LA I 1) 7 IR B & A, (HAE i 4%
AL BUER AR REA I AR B — 8 B fa R, A Serid 72
B 5t AR AN TTAS, AT 5 A B A
I 24, A3 K BT B A B AN RE BN S A5, 3 e
P K oL B ARG 4B AL AR A . DRI, SRR K
RSN AR T, X PP Al m OR A L $R T BRI B
B PRACE I RE AR A OR B a AT BAT S X
ARSI AR B s AR LML ARARAS L ORI A Ry
R RO RS T A R, MR R
I ERAL 27 S ST AT aht o DA S7 A A P P A
AR IR v R B 38 AT 20 S A J ST R AL ER AR
B E— e R FON AR M R A NI Rk 2
TRRAE L, (@R SR SR A%, B P 75 8L
TR UERAAREL, S 1) F A HL B AL To vk N H T
YOO ot A7 e BN AT 1 N e i R R L AR L B
ERHIE I R G Tl B s Dz F LAk, mbid
RGO R T il 5 R S b e o R ) 0 R R 2
5, BT 20l W3 1 7 A T R I Je 50
FR, AR FE I R 38 47 Hh 0 DR B 40 ol B S I xf
BRK A B B I AE 2 SR I FR, BRIk, R T H e AR B
(R KA B B AE 2 TIUI 7 2 28 F N 4 A 4003
(R A T TRy

BEE N LR ReRoR s R R AR, K&
LT B A0 SR S A R Al FH SR A 2 T R /K R 1 B
W FF A E VAL (Support vector regression,
SVR)ML #2509 T-S (Takagi-Sugeno) Ak A5
RAUOT S SCHR [14] T AR B A BIRR Y T —

T 4 1) e/ — 3R SRR ) EATLBE Y, [ L0 22 A
Bk E MR TR bR, SCHR [15] RlG 22 R iR 3%
FEN SR I 28 AR, SIRBN 1 7 B A T
5B Z4EFR. SCHR [16] $2H 1 — e T DLtk
MBI T-S BOMI B A T = 2ok S & R
B IR LSO AE i P M I A 1 DG SR R 1 TR0
J7 T HS A T AR it e, R A — 26 ) A 4
fif ke, A i — g AR ] G, IR LR R
Fe kR IR, HRIARE T FIZ AL RE 1A IR, HE
DL 55 2% () e v Mo R B R IR 2 IR AR S 1tk 4
W, FEAEF R DU AL PR BRI S O Hak, X
L AEE TR A M B o S B, X oK A B AR A e
R o, ik B AR A AN LR AR B AT 1)
77 IR, AT A AR K 5 2 (R AR 2 PR A )
IREE W28 e e — e FE R Bk BRIk &
TE 2 TR0 T Ml B0 P A T . B 2, d I HER 2 R R
TR Y R R B R RFER IR, SR
WA m A O AR K, B R O e
o B AR TR R AIAT M AR P B, SE R e
S PR AR i AR AR B B TR R R FE N 45 AT R
B0 i 5 4 S o B oA AR, R T B AN AR 2
Tk B B AR OB T ERFE S R AL, EIR 2
SURAIAT T HORCR, W ERE S AR SCARR
FFNTT AL 20 2 7 Tl fE v, IR 22 )
WA SN TS R BV R R AE A il T SRR [21]
R R VR P2 DX 2 il s A K A R T A PR AR A
. SR [22] HEB 2 A2 IR BUR 28 S AU BUR
WA 2 SIEL T 3 [ g 7 O A S A0 T RRIR A 40
. TR EE M 2t AR A gl N, A4S Tk R 1 5k
BEVERE AR bR TN RS LIS T — R R TE. (B2,
T A S TR R X 5% PR R K T B A R T A
B EAEAE—E WL 556, ISR IR BE N 48 T
72 | Hh A2 R B U AN AR 1) 5 4 R A Bl R AR
TR, RIEHE & BAE L TINATE S5, SLhrxt T &b
B AR, R 2 A N IR A AR B IR 1
SO e I R AR B ) EE B BRI 2 — Fhsh
(A A AR, AT R 55 D) 4% 7 245 1) S A R B2 T v 5
HEHA R B A SR R ok, BT O IR
BNIR B FEFE AR AR RN T BRI RE, (H )
I REAE A B AR AE A, ARG = — & AT Rt
PR, TR AR R0 bn 25 A & R B —
JE (R SR T e AN 1R A B T A 5 BSOS R B S I (1 e
EEMRSHEAZRMER. BT LIREE, A
THETEEBER R TH M4 (Attention deep
transfer network, ADTNet) [ & 8k /KEE & & AE
LT T7iE. E 5, "Rt T MR ERSSEE
FINLHIAE ) K B P i N AE TR JE 25 8 H S F AL
(Denoising autoencoders, DAE) W 4% [fI Rl i, &K



5 W PS5 H T B2 R IR BEIT AR I 45 1) e P Bk K ek 2 B AE R TN T vk 951

I3 S A A REAR ) R AR R R B, 1S
TR P 28 BEAT 22 I 3t 5l 2 4R U e 5 B AT SR R T AR
AR B GRFE, FZAEHOR RE4 S B i g 22
RS B IE A DTk, AE e R B3R IR
FERER R fig R, RS, O T IR B X R
PRESHE AR, A S AT ST T T AR
Rk D R K IR LD AN A W R &, 1T R 1%
FR USRI SIS 8 A TR b I R 4 A P2 X 2%
B BN PR & AR TR 55 o, 3t — PRk
PR 5 B AR L T A PR R,

1 SRAEEIERIE A
1.1 Ik

PRI RE AN 1 s, [ARIRRE (F2a HE
Frag) SERIEURL (KRR BRI FIHE™) A1V 57
(HZ A A KA AR 55 ) 4% 5 Bt b =i o4 T
SrAETIORE, R AR P A R RO, Il R
A7 DU 0 1 65 e A SN e i AR B
B, SRR R AR bE BN A B — AR AN U =
IR R VE AR, TR R FRIRT T e R AR R A A,
e Ja ARG R TR R IR SN A AR R
E R R A ORI — B R e A RN AR B
R T B S B &, BRK BRI HE B I
ZERR I, IREAEME S5 A0 LB B .

K1 mr =4 AR

Fig.1  Three-dimensional simulation diagram of

the blast furnace cast field
1.2 [a]REIEIA
BoKRES B RV S G Gt FE R S EE YERE TR
bR, BEAE— EFEE L RAE I N HORS KT &=
S I S, b PE AE B, b LA AR OR IS B
SRR B RS p O A SR AR IR O iR

AR, BRI ERA L, P NERITCR AR e ik
JE, W ERRCR AR, O 1 ORI b AT MR 7K Y
Ji B, AR AN R B oK B B AT SERT AR )
WP, m /G PL AN E R SR R R, SR
LY FWAE

J = F (a') )
o, ¢ RORRFER R, xf € R% £IRTERAER %1 ¢
RN D&, ot R AE R PRI 20 ¢ i fa i, R OK
S B RE. R, SoKaES &R LR ISR A T
Ryt — AT HE KB TR AR P AT AR P
Aefy R HE T AR AN SR R G F OS] R ifE
T b AE 22 TR0 kK A 7 &L i, ASCHR 7 —
T EAERIIVHIIRE M 4 (Attention deep
network, ADNet) F’ A4 2 2k K fitt 7 & F e 4y
TR NS ASE R I HL 5 a0 2552 2 il U RS AE
) Joid 5 P14 ik RE AR AL AT R, O HEAE 4 b
PR 700 58 ks AT 1 3 e 0 k7l PEE 030 )1
IR SRtk — P4 MoK B E TR FY ()1 RE.

2 ETaSEENINFIRRARE ML

ARG B GRRE R ) — TR T ——
KR E AL, 25 RS BN i 5 R B A
S SR X TN H bR R K A 5 B I R B A R
Wi, 3R — A B A E B AL, SRR 2 4 1
ANARLEVE 1 bR R R, 32 T 8 ek 3 AR 2R Tl
TG

2.1 KRB HLHL

TR W 4538 1 WK 2 B = B B 2 2 A,
HET 27 20 20 JF RO (0 A TR LUOE BT & 2
FMAT 5. 220 n AL A — b 5 TR B I 4% 1
KETE, Rl R 3 2B M4, Hfm
NJZ B 2 M 2 4L g5k iE 2 pios.
WGk H br 2 ik R AT RE L R BN, SN T B 1A
AT s B 4t B N, DGR RE v, B 2
ZuHE— RN TRAEME uiE, aliRg 2
PRZZ 0 ) BN R 44 SRR IE R IR, N T $EL
TSR I SRR R, 3T 5 ah Se AT 5%, &
W H g ALEE R AR A, I T BEATLE 75 3047 T4

AR, BN X = 2!, 22, -,
)T, Hat =2, b, -, xfiw]T eR%, d, &kt
ARIIYERE, IINBEHUE ST YL fE 28 ¢ NN &t =
(&, @b, -, @ T eR%.XE ¢ MEREHEA
) & &t AT gAY T DAAR BB B HRAE At = (R,
hh, oo, bl )T e R GRS EREL £y W1T:

h' = fo (2') = f (W' +b) (2)



952 H

S 49 %

9o |L ( W7 W’7 b7 b,)
Jo =

- \

0800 0000000000

BEHLYS At 2 AR = Mz 2

B2 RKMEAGEHLEE AL

Architecture of a denoising autoencoder

Fig.2

A, fREERNEGE R, W RN, x d,
FIBUEHERE, be R R Z M B & RE R
RFAE B! A AL B R G B SR &' = (41,
) QACZE]T € R, ffHG R %L go 1T

&' =gp (h') = f (W'R' + V) (3)

X, WRIW BN BRFE, be RY ZEHiHEZER
T E ). £ E g HLE S BT B RE AN W
/MEBFRRECR R B RS 0 = (W, W', b, ),
HHbrRECN:

N

1
wW “r/ N 2:
L( 9 abab)*th=1

At
‘TZ’ PP

8 — 2| =

1 N d. )
o 22 [wa—a)” (@)
t=1d=1

R B L gL RR S 2 2 ) B A2 R
R RV ZRFE, v T 15 30 58 e SR & A 1 1)
FRIERR, SRS mhk & B 7R LR RS B2, mT L it
B 2 /N2 E GRS A LR S IR EE N 2%, 5 2 A E
2R BT J2 1 R FEE DX 24 1T DA 2 o B A R R B N FE A
AT HAREE S B2 MR, WITE & E 15 25
AR S MRHIERIR. S 2 A28 H RIS
HARREWE 3 R, 45 1 AR A RSN (DAE 1)
WEEa, L& ENRHMERR H, = [, h?, -,

R, Hop mb = [nt, Bh, oo, BT eRY RILBE
PG AR RS 2 DL EHSISHL (DAE 2) %
O\, B ¢ B AR B B K75 380 0 4% i R LR =
(A1, B3, - R HoR hi = [hf, b, - by ] € R,
JUIES 2 /> 2 9 S TG HLIK IR 22 R HOA:

N di

L2 (W, b) = %Zz(hg—ﬁgf

t=1d=1

(5)

RS T RS, /MR ZE R B0 A Y
%, EEXANRE, BRI N AL E R
(DAE N)lIZR5epk. 7o & i ml Zrid 72 57 B
e N ARG 125 W B 9 B F2 S T2 BUE A
BEFEFEHC R, HEB R NREE M2, A e
JZ e TN (801 I REATLAT 4R 4 1 25 0] U 2 (R AU
i B A, P b R A e B O AR R
Tl 2 W 2 2 K, T B fe RO e PR R A 2
FRAESS.

S IER IR

TR ZRLF BRI 288 A5 i A 28 (R koK i 5
FEA e/ IMES SR bR KL, R0 B R 4 S5 A R B e
B EAELIIN B ERE, A7 B O A5 % e K R

2.2

Nsi
Liowe = =25 (o — i) =
08s 2ZVSit:1 Si Si
Ns;
! i (ytsA_f(NH) (W<N+1> ( .
2Ng; p ’

7@ (W<2> (fu) (W(nwt&, n b(1>) n

b(2))) ...+b(N+1)))>2 (6)

Ao, ok, TN B AR EEHE, gY, REAL O,
FOVHD) Sy F21 F 4RfB L (Stacked DAE, S-DAE)

— i
H,_ [ E N
,—_—‘“_|:g—| P 12 ST GO 2 ;2\
n-1
‘ 215 KRR N
= DAE N e
SRV | 5 : DAE N
L 20 9] = 90 0
o g{ 4% DAEs | DAE 2 / \ SHE )ap s / \
®| b %% K 4\%%
H, =
GDHL— =
=3
B B 1
— e g ) 2 (
‘ ;
i DAE 1 DAE 1
wE (N
z z
BRI %

Kl 3
Fig.3

HES LW H LI 72

The training process of stacking denoising autoencoders



5 W PS5 H T B2 R IR BEIT AR I 45 1) e P Bk K ek 2 B AE R TN T vk 953

¥ (N + 1) Z e dE g BeE k5, w+D i
BN BRI (N + 1) EM& S5 —EME&c
Z I BUER R S R E AR, 15X (6) Al %N, R %
M 9 2 R ML T B FRD IR IR 8 LE IR, S B AR AR
P — e FEA AL T T AR OGRS, 545
TR ) A& R T, TC 22 0l Hb B2 iU R IE R . (H2
TERPIR AR T, AR AR R S AR & 5 2ok
TREAARRZEEA RN, FFHBEE NI 5
(I B AV R 2 A I %, s ik /K RE B = ) 0o 2
AR B I B BE A TR I — %“PBJJ??B{%EI’J%%‘.
TE TRERL B A A, — e KA P 4E 5 d B r) 8
%, T AR F A G AT e R B S AR AR ) 2
RE AR BT KEE B 2 052, H 3 2t A48
gﬁ’]i;cfifi.*%ﬁ’]ﬁ%xtlj, HALBF A, B
SR, AL SR FE ) R A A TR B TV v ML R v
YR RE A sh A4 E, HJE 22 ) s R B R A AE
ToiEAE LR NS & 52K 2 M AL
PEICHR. B, ARSCHE W T —Mah s B = LS
B Be S oA RN N FEAS ) AR AR BT L)
SHER I8, B R B S oM FEA
AR AA A AR B4 B BE 2 v s ),
T B v 285 kb 5 Ak K ek B ) RO 55

T HER IR e B BN A S R g R £
HH R Bl A T D WL AR B 06 20 A2 R S A HE D
1) RERE 5 STREA 1) 1 FE AR B R Bk /K Rk & 8 2 TR 1Y
AELPER R 2) BRI IR FEA I FE AR 5 AN 2R /K 1
TR EIMNERR. BT HEITHEhSERE I
GIES RS PR S WK S a8 7 IR AR oY 8 LT
IR, o B bR I PR A I R AR B S K
TR BIMNERR, MIHE & IREM L 52 31
GARHIE R &, BEARLE 4 B,

EENIES SR Z A 2%EEE (Fully con-
nected layers, FC) # 1%, B & 2 b EH 4o
A 2R W0 PR B AFAE, (145 I 4% REABEHDL = 4 v Mk
R AR Ze A e e . VBB I RN &
1373 R T B B N AR 5 I R AR R 1 E R )
2, 520 BN AFEA & R AR e, 3k T A
RS SRR SYKESEZEPIERR.
FAER PRI BR A HCE RIS R R, B
i, BB ERN X = [z, ©%, -,
xl, T, I E R IR GRS LN wsi

wg; = fOD (W<M (...f@) (W<2> <f<1 (W DX +

b(1>) +b(2))) ...+b(M))) (7)

Ao, FOD g MR E T I0 IR 2R MO R B
WOD F1 50D 45595 M R 7515 1 — B 4

FC1 FC2 -t FC M

wix!
—

wi-x!

wy-

wix)

t ot
Wa, Ty,
e 3

TER RN

ER B

B4 shidEE BB

Fig.4  The dynamic attention mechanism module

TCZ 8] (I RE R R O BLAERE. K wss FERFAFEAR
{DER IR PUR e S il WESHIE G

L 2 t 1T _
Wsi = [‘-"sm Wgir wSi] =
1 1 1
wl w2 ... wdz
2 2 2
wl w2 ce. wdm (8)
w% wé ... wé

N RARE A () R AR B R R [ %1 5 gk K ek
BRSNS RR, VR A YA
M wei SHIND & X MOG AR

1 2 t 1T
wgi © Xg; = [wsp Wi ""Si} ©
1 2 t 1T _
["BS@" Lgiy " sz’] -

1.1 1.1 1 1

Wy Ty Wy Xy o Wy Tg

w2zt wi-ad oo Wl -a?

w§ . 1‘5 wé . "L‘é “ e wé . :L'Z

BAFEAR X g 51370 FEFE wgs X ML E TC R R
KEFERE, 1E I Z5by ) 4 2 25 e B g RS HLIK) S
N, ST A R PRI R AR B 2K e H g AL
AN 5 T, BEAS 2% 4 AT R s O

Ve = fONTD (W<N+1)(...
£ <W<2> (fu) <W<1> (w&. ® X&,) +
b<1>) 4 b(2>)>. " b<N+1>>) (10)

PRIk, 8 P i bR 28 A 2 B A M B I Rl
He T B AR I HUA] TR FEE 9 2% I PR 451 K BR800



954 =l 3 1t =2 Eitd 49 %
g N 5ESEZRIPMEIRR, FHNHERGIN TR LT
Ltoss = 55, 2 Whi =05 = {1 B 2 0 8515k 1 BRI FE 40 SRS T R 2,

1 Ns;
t_ <N+1>(W(N+1>(...
QNSi tz:l (ySZ f

7@ (W<2> ( F (Wu) (w%i ® w%i) i
b®)+y®D.“+UNH0)f (11)

I (11) AT BUF 0 2% 2 I 20 T ) i 72 o
B8 T R AFEAR R AR S TN A AR Z A1)
ENAS KA, REA XA FEASE I H AR AH G 1
T BRFE R R, SRR B2 i s R R e, B
fe it F B L R PR RE. 2R TSR )
WL B F R 2 25 18 ) G B AL X 2% i 18] 5 . 7
BRI BRE H I TR A AR RS
POREES B MR R R, IFmREA R & AL
AR BN I R S R AE B S TR TR R
FERTH H FIAE T3 08 5 B KR & B PR O
FEAR B (IS0, 0] 5 Bk /K Tt 2 AR S MR BN ) ik
FEAZ R AR . W VE B IR — N R
IS5 K BT, RS AE M5 AE B2 Z IR N, AT
PR 2% 2 SURFE A . HE S 0 B RE
SN B A AR REA A I R A B R B )
BREE, PRI SR ARG AR LA — 8 IR ] AR

3 EToHEEENNHERNRET
4%

AN BN I T B A IR 44 1)
BROKEE S BAEL TR, Dy 7 AR &5 T A
RN Grid R p o bR 2820 AR, AT 1 kKR 5

IR T AT G R KGR E B I R I R A
RIGER, IR D B e & B AR 28R, #E— 20
VR 9 8% 2 M2k T B v ek 5 AR 2 TN A

ETOIMLTE R E N R

IS AR LR R SR AL P [ P R AR 2650 m?
(1) 2 5 1 o s 2 Ak A AR ARG I A /K T B R 5
RIS H A, il 7wl 6 BT s R KR FE S Bk
B A R S AT L B I b TR, R OKREE
Bk & B2 AAFAE— 2 B IEA DG, A i\ 42k
KR B HHE X B e R 2 T A R () A
AW B 0 B 3 R A P A ok
S0 i o TS 25 Ah R KR, — Uk H Bk U R
SREUA BR AN EE, 5 koK I B O 1 R AR
BABIGIAE. 7R TAE R, AR R T 8K
DR ASCRA v b Ak 11 42k KL P 40 AR 6 A &R 45
RE S E 2R A I b b Bk VR KR, X N TR
P EATE R TR SR T A 1R B SR 2,

T ] AR 2R A IR A 5 A T ] 7(a) B, 7R
PHRGHRER) 2650 m* [ 2 SR 1 5. 2 S A
35 BT T, JrRe Kt E TAE. T
PR, 8 T BPOKIRAL. Bidra B, & 6.
P I o1 L R R AN A D EA R A VK
BRI RS, R T K& gk mElETra,
SEHL Y H R T A KR RO AE S R A . SR
(AR 7R B30 e e 5 B P TE 2R AG I AR AR 1t o
BN A TH 1 BRI

BTN EENREEIBMENSRKESE
L TUMIER

HI 39 AR AT A Bk K T FE £ AR AL e A R 45

3.1

3.2

DAEl 7777777 DAE 2 .- DAE N
Wz 3
wiaf
- ONEEEE
Wy T3
° :
@
Wf/v,'ﬂ’/{l,,
ERAEE AN HER 2 AL
5 T ENATE R NI IR B 25 M B RS ATL ) 2%

Fig.5

Deep denoising autoencoders network based on dynamic attention mechanism module
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Table 2 Prediction performance based on
different models
iny RMSE MAE HR (%)
SVR 0.0832 0.0635 77.5
S-DAE 0.0794 0.0616 84.6
ADNet 0.0772 0.0583 86.4
ADTNet 0.0649 0.0509 90.0
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Fig.14  The scatter plot of predictive and observed
silicon content based on different models
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