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Abstract: Mechanical property testing of wide and heavy plates is delayed, and changes in
composition and process parameters are eventually manifested as differences in the mechanical
properties of different plates, bringing difficulties to the stable control of product quality. To
reduce mechanical property fluctuations caused by composition and process parameter changes, a
feedforward control strategy for rolling combining deep learning and big data analysis was
proposed. The coupling relationship among alloy composition, rolling process parameters, and
mechanical properties was analyzed through big data mining. On this basis, a deep learning
model was constructed to map composition deviations to required process compensations. With
the help of this model, dynamic adjustment of downstream rolling parameters could be realized
by using real-time composition monitoring. As shown by a case study on X80 pipeline steel,
performance deviations caused by composition fluctuations can be effectively suppressed by the
proposed method. At the same time, the quality stability of wide and heavy plates is improved by
this method, and technical support is provided for precise control in the wide and heavy plate
production process.
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Fig. 1 Big data-driven feedforward control flowchart for wide and heavy plate rolling
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optimization results

(a)—GWOREALAE; (b)—HhmReE; (o) —JHlREE.

BT GWO BILXT LR B L0452 T A5
MR S BT A5 B A 2 B R Ak Y DG ER
B IR LA I DL RAEZ &R, Hoh i 2y
BERH T RAE A 40 E X LELRE R R 7.
PLC,Si,Mn R, W& 8 fras , £k i &R il —

AR i DR ) SRR Bl K i i R 1
RN AT A TSR, AT £ TSR
XoF o AR A 3 A

12
(@)
10

8 -

L5 BT R/
=)

40 44 48 52 56 60
w(C) x 10°/%

| (b)

0.14 0.16 0.18 020 022 024 026 0.28
Ww(Si)/%

451 ©

1.4 1.5 1.6 1.7 1.8 1.9
w(Mn)/%

8 I BEEMREMSGEMIEN
Fig. 8 Variation of feedforward amount of final rolling
temperature with alloy composition
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20 mm FUAE (1) X80 45 L&A P RE LK 4N 5 s

R3 1720 mmARHI XBOELNEEREM Y
Table 3 Main alloy compositions of 17~20 mm
thick X80 pipeline steel

JF 8%
R Lo

s

C Si Mn Mo \'% Ni

EE 0.05 0.19 1.60 0.12 —  0.20
TR 0.04 0.16 1.50 0.15 — 0.23
R 0.06 0.24 1.65 0.10 0.01 0.18

F4  17~20 mm FHRHI X80 BLEINAEBELH T ZIEHISE
Table 4 Key rolling process control parameters for
17~20 mm thick X80 pipeline steel

KE BRI JFALIR PRIEE CUOFEL A5

R Ji/MPa  E/C JE/mm  JRE/CC JE/C
Hb% 20 1030 90 950 750
TR 18 980 60 920 720
TR 22 1080 120 980 780

WP 9 Bt 6 G S Rl 5 TR B 2 ) 5 KB
3B B 2L A T 4 ) R W B, AN SRR T A Sk
LB B S TR Be PR A1 . B A B B Se kAR
RO A7 A 7 B A T 43 28 5 B B S O Jre g
Tt 3 BT I R FH R B 2 > A5 R R 1) 5 A G B
i) DL, S R A 4 ol o 1 3 B R A 0l . 7R R
B3 T SR AE G A = TR Lk o B A
20 () 52 e R AR g A SRR I A I R £
it DT S BX L il a2 1 ST B 0 4

DU 2B B B R N 2 i B R
(1 10)XF 17~20 mm BLAK 1Y X80 45 L& 9 11 AL A 1
REEAT /AT, S B AR5 B s o B 945 & A
HEEESR, W IR 9 B 5 B b o B i A O R AR
0.72, HA AP A , PRI B A 5 5 A ir
558 E AR AL RE VR 2 H

£5 17~20 mm MK X80 B LN E RirAE M REIRIR
Table 5 Performance indicatorson national standard of 17~20 mm thick X80 pipeline steel

IR JERGRJE/MPa  HULPLIRE/MPa

TEAEW ARG (~15°C)  180°% IR h=2a

T /%

3 N DS

640 660 680 700 720 740 760

BT R E 5% (18 1))
TRR 555 625 22 90 —
FBR 690 825 — — i
TE b NIRRETEE s a iR .
%r‘-'
B
- %] - .
£ %) (g %
Uk o X
Ji BB ?ﬁ &
=2 S5
boS
B
L £
>
f<:3
[

)

B9 RUfRESI R SEREE

Implementation flowchart of feedforward

Fig. 9
control strategy

R 4 7R W& 1554k 2= i 43 (C, Si, Mn, Mo, V,
Ni) 43931 5 Jei ok 88 AR 470 7 56 38 14) L G4, 4 G
RENFR 6 R .

il 3 2% 6 HAH 5C R BOT A A 5 280, T
FEAL2E R SHLMTERE R LA A R B, ik 7
FIT7R AR % 7 1 34 2 PR R I sh 11k
22143 (C,Si,Mn).

THEELE T 2S5 OF 5L R . I 5Ll
JE LRI ELIE R AELIREE) 2 5 5 AR
PUhr o B AR DG , AH G R BN 3R 8 Fi .

PLhisk F/MPa

AR

500 520 540 560 580 600 620 640 660
Jai JIRt 58 /M Pa

10 17~20 mm FAEHI X80 B LR IWAINUAR AR IEZS S0
Fig. 10 Normal distribution of mechanical properties
for 17~20 mm thick X80 pipeline steel
(a)—HLHIBREE ; (b)—JH IR .
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Fien MR 97 2 1> B ek sh it &L
T ESH (AR ) s 5 4 B5352005000,

B5449057000, B5501236000 F1 B5501435000 [
FEAEZ R R 10 TR

#6 UFEMASSEIREE FHASRERHEXRY

Table 6 Correlation coefficients of chemical composition with yield strength and tensile strength

NP
&b
PLbrERE - (C) r(Si) - (Mn) r(Mo) (V) F(ND)
JeE BB EE () 0.126 0. 080 0.199 0.054 0. 081 0. 025
PR (y,) 0.218 0.172 0.223 0.076 0. 020 0. 023

R7 WEHSEVMERHEASHEIRY
Table 7 Combined correlation coefficients of chemical composition with mechanical properties
c,(C) c,(Si) c,(Mn) c,(Mo) (V) co(Ni)
0. 344 0. 252 0.422 0. 130 0. 101 0. 048

*8 (A TZSUEREREE FHRENEXRY

Table 8 Correlation coefficients of rolling process parameters with yield strength and tensile strength

BUBRHERE FRAH
A FELIRLEE) 2 R TFELIREE) A ZRTFELREE) 2 (AHLIREED)
JEARBR I () 0.102 -0. 101 0.034 0.332
rhism i (y,) -0.033 -0. 046 0. 021 0. 191

*9 IHITZBHSHMEREASHIRY
Table 9 Combined correlation coefficients of rolling process parameters with mechanical properties

ACIE NS d,( T ELIRE) d,( —UITELRE) d,(ZELREE)

0.135 0. 147 0. 055 0.523

F10 ALURIRMEENLFEMD Heg A i) P BE AN 3R 12 Fr 7, Je i ik B8 s 1 22
Table 10 Main chemical compositions of four 9.18 MPa, i Fi 88 B AR 1 25 8 10.53 MPa. 45 114>

steel plates R o
FveTT 38 i SR R 450 07 1720 mm HL £9
IS c . e X80 L 1 AR MERE E ANRAE .
B5352005000 0. 047 0.17 1.57 F11 AIFLRERRMAEAENLILEEBRE

B5449057000 0. 054 0.197 1.58 Table 11 Feedforward op.timizati_on amount and
B5501236000 0.050  0.218 .55 target value Ojj'bla"m":’g tem‘perat”:‘;
B5501435000 0. 053 0.193 1. 60 o) T HIBHEALRE AL 928
At/°C HLIRJE ¢/°C

HR AR AT SCRTAS 20 (A 42 A w2 i R T3 B5352005000 ~4.88 751. 12

A 5L IR R B iR AR A B AN AR e i & ELIRE B B5449057000 2.16 760. 16

FREANEE 11 s . B5501236000 4.13 752.13

RPETAJG 1 250 R B HARE AT 5L, 4 B5501435000 2.12 747. 12

F12 FE4PNEAILERIERE
Table 12 Actual properties of four steel plates after rolling
TEAET AR (-15 °C) 180°72 25 15
5 i 5 B /MP JLh7 i & /MP <%

W JE PR EE/MPa  PihiiR E/MPa R TR A% be2a(HETD)
B5352005000 562. 45 688. 78 26.0 95 4%
B5449057000 593.23 667. 09 24.5 100 L%
B5501236000 578.76 693. 64 27.5 100 L%
B5501435000 584. 71 698. 28 25.0 95 L%

LR 5 RKBE BT 1) T8 T A ML AR P B i 457 428 1l
3 4% e WG 3 1L B TRS R LA 4 A 5 P

PERE AL T2 SRS HUBAE REZ 18] A S OC &

1) A SCHH T 3T GWO-PSO-DNN Fil & CUn e & i 5w IR B A E A O (AELIRE S
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PUPLaR B ) SCHK) | #E— 24545 GWO-PSO-DNN
BIEPURELE T2 A0, S A L E )2 1.2
) 0 4% S IR Rt 4 o . S g 45 R R WY, 1 TR
WS 1) A8 4 9 S A 1) Ji I R A M 2524 9.18 MPa,
Prhrsm BEARIEZE M 10.53 MPa.

2) 4t PSO-DNN 4 2 1) 5 4 L 43— 5L T
LR -HUAE I R A 2 1 e SR AR AR | 3 3 Xof A5 7Y
H DA 5 SR i T 5K A 25 1k 27 B 20 1Y) 52 il AL
AR AR TR 5T 2% Y A 2t DB B A6 B
3 A8k 1 5 68 I e PR R R A T i R ek O
F AR G v P B - T 2AMET Y
i HEVC P42 A% O HOR 3% - T B3l T 1Y
TR R .
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