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Optimal control of blank holder force using deep reinforcement learning

ZHANG Xinyan,GUO Peng, YU Jianbo

(School of Mechanical Engineering, Tongji University, Shanghai 201804, China)

Abstract; To improve the quality of products in deep drawing process, the deep reinforcement learning method is
used to optimize the blank holder force ( BHF). A new BHF control model based on the integration of deep
reinforcement learning and finite element simulation is proposed, and the BHF control strategy is optimized by
combining the perception ability of deep neural network with the decision-making ability of reinforcement learning.
The proposed control model uses the deep neural network to deal with huge state space and avoids the fitting of
system dynamics. By utilizing a novel strategy network structure, the BHF control strategy is divided into global and
local parts, and the control effect is improved. Meanwhile, the theoretical knowledge of BHF is used to initialize the
replay experience, which improves the learning efficiency of deep reinforcement learning algorithm in BHF control
tasks. Experiments show that the proposed BHF control model can optimize BHF control strategy more effectively
than traditional deep reinforcement learning algorithm. The comprehensive performance of the proposed control
model in three quality indicators (internal stress, thickness and material utilizing rate) is better than that of the
traditional deep reinforcement learning algorithms.
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TD3 J&—#li actor-critic HESR YR BE TR fb2F 2] 5
5, TE TR B PR S AR ) (deep deterministic
policy gradient, DDPG) {34l 47 R Mi k. A T it
Y& actor-critic HEALBE VLR Q (E A 1R &1, TD3
RT3 A KBBS00 B RS E PEFIPERE.

1) actor-critic HEZE T [ BTEL AL Q “7: 2. 52 R FE R
Q % 21" (double deep Q-learning, DDQN) i3 % ,
TD3 fifi H1 4 1ij actor W% L5 i UL a1, i 1] H A5
critic 48 PEAL HEME .
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o R Q, TR

y, =r(s,,a,) +7092'(3l+1’77¢1(31+1>>a ()
v =r(s,a,) +YQy (s, my,(5,000)).

R eritic PIZ% le 5 ng M E ST IR AR R
(1) BEA &5k o b T 5 W BB BT S B i 22, A8
T Qu, 15 Q,, 7EVFST EURRN AT O FLIE T
[vi) A [ 3 28 36 6 A7 S5, DR O A 3 O 8 L AR 7
N T HE— /Mg 22, TD3 4 T TR Q 2
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557 0 BRI o,
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% 8 W AR RO AL AT o, i s, S,

59 L W & B A7 B ik &,
(s,,a,,r(s,,a,),s,,,) =B

LYy

5510 A AR 5 R AR H— A mini-batch

(s),a),r(s1,a)) ,51,) o = 1, ,N
55 11 20 R H AR 4575 2 31
. <—7Td,,(sf+l) +e,6 ~ clip(N(0,0"), —c,c)
%5 12 4. 4 mini-batch PHIENER LK ITHE
FARE y, r(s),a)) +ymin,_, ,Q,(s)),al,)
5513 20 MR RE
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e,
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A F2 MBI bk i B MEL 4 35850241
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Bl e 5. A T By b 5 AN EERE K, A
P A NI 1 W R /AR A i3k DA e 3 B ]
P TR R A MR AL AR SORE Al PR
il 3 AR AR B B T (] 7 S IR B R PSR 7R, DAl
M NEREY Mises W 153 AR RGUIRA s, B FE
RN ST KMER R EME a. T AT
Ny 1A BR TR 43R 527 AN HTT, fif A AR
HATTHY Mises W ] 53 A VE R RGARB S EARIRE
() 3k T PR, AN T [a) 0 ) A 8RR, AR SR
FE 2 ARie iR oA BRIT Y Mises B J11E b R Getk
A TE RN R GRS FRAE 1 [F] BB R GeR S 46/
27 4k.
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Fig.2 Deep drawing finite element model
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W W gsﬁ(s/)zﬁ"(&)fﬂ/(&) actor M 4% critic (45 1
PR kiR . ﬁtﬂc%%%? ,
:g‘ To || K o N 1.
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| EILEE )
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Fig.3  Blank holder force control model
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ABROCERE AL 1 3 AR5 1A 22 TE B
LA WIS 2350 sk TR i B o o
% R, 425 mm, Mk R AR r, A 4 mm, M NE
Ry 4 26.2 mm, MR 12428 ry 4 6 mm. BIE B

JEEE H A 1 mm, 4% R, A 50 mm. BERAEHE MK
SIAVEATRL, BB R O8F MRARET ™. 4 RE A H v 5
T Sy 2 B A Y s SRR TR R 5 A Mises Ji I E D)
()45 1) [RIPEARE TR . 20 1 A B T BT 28 70 Ry ] AR T
) 4 195 4 NIEFEHIT(S4R).

LD E W E 4 mm/s [8] F f R B B R
AU s FERURE S oM 20 mm. FE 4 I fE AR5
HAE AR IR BT 25t 2E AT 20 K R it D) A
ANAE YA e i B L R AR AR B Ry
5 000~13 000 N.

ASCH ABAQUS #4747 BRITHI AL 35 . A2k
PRAEFE I RS R RE R SE T 2 ni /5 21 Rk E
KBEEME. BT A LML R AT WK,
PRUEA PR OCB R i A vk 5 o s R, T
ABAQUS JHIA 553 Hr 8 3 shHoR.

3.2.2 R PAEL

[l i bR PR 28 b RS 7= A 1 TRl R (B A . 4
il E bR Az = ) T AR BB A, A RHE R ST A2
I EHAPRRH R AR, £1%F 2L E 3 A HAx, 40 58S
TEMF8 AR sRBOFE 5 =3 BRI A A
#r ek

FBRITTREARL Y 527 S BoTdl . RE A FR Tl
LT Mises N 15040 = B R EE A 2 5 Ul
MRS oA I, o LIS B R A AR BRI Y Mises
WA m(i = 1,2,...,527)  BAOCJREEE h(i = 1,
2,...,527) VAR BIHALE « 510 AR d M
DR SR €T = VA W N @
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Ci(S,) _ C;nin .
R.(s,) =10 (1 _Cmdi—(]m'"j i€ la,b,cl,
527
Clsp)= 2 m,
C,(s;) == min h;,
C.(sp)=—d.

K C.(sp) (Co(sp) 5 C(sp) 435I NI S50
B/ NEETSAEHEREDL, ¢ 5 ™ A 100 KB
BILH 1 g w2 1 47 07 A8 B8 v i e ok e
IINBAIE.

5, AR SCRA A RSP 1 B 245 A o
IO PR
R(s,) = H(s,,W),ifVi e a,b,c: R(s;) = O,’

, otherwise.

H(ST5W>_ZW/(Z R( )

A AE w, F T8 BUAR T i) B2 M AR S
HRAER w, 30 1.

4 LG ERN

SZ AR 2R, SE PR S I 5 E 4y R e, AR
SCSASCHRL 1] i g i B SE R, AL
[ e A R IS ) A R DT LA T 505
4.1 lZ&IRESH

FE SCN-TD3 Hr, 3 W& X 28 5 f {8 ) 4% 119 45 44
Bk 4 Rl M4 B )2 9 s 300. DDPG 5
TD3 M 4845+ 55 SCN-TD3 —3%. SCN-TD3 %4
H 2] 30 0.000 1, EH o 0.1, HirahER
FIT% o 8 0.2, HARshERWIE ¢ 24 0.2, 5K HE M
YRTHTA MG d S 2. DDPG #1 TD3 B2 %5 SCN-
TD3 —&. I Zhid B b, Bk AE B A K AT
IONEETE

SRS N K- REE e S G A
B, ARSCE AP KR R S AR AR 2R 45 K Y
ZEAE BRI S FI B S % 2% 100 YN
KT, & AR 2R K i 253 <1 000 NE, A
NEEWSL. 7E SCN-TD3 #41 R, MR KL 1E 4
1 500 KW s, i 7E DDPG 5 TD3 #£H1F |, 4R
RS 1 800 5451 700 4K e s, W 11+ (4
(R #e A AR A e | SCN-TD3 5  T 1 [F B i
S, I HL A 2 SB[l 412 {5 7K F- & F TD3.
TD3 £ T 19 [l i A5 U S B+ DDPG, I H e 28
WS Y [l 4R AE K- T DDPG. X EE R T 1)
TD3 B3k iR BY EE L Q 2 >)  HEIR 3R W B 0 A
HAR SR M- 3 IE A 3 Rl R A 30 22 i 1 1
L DR 268 P At Ak 1 D AT LA 3k Aty ] R 5 6 s ) 246 T

BT AN 5 2) SR W 45 )AL R 45 F 5 2k

SERIREAE [ 45 & 4 R s il 5 R il i AL £
B PL SR LN SR 1 s,
207 .
—&— DDPG
&— TD3 Ui s =
1.5 SCN-TD3 '§9 S/ MGFJ
y L[S0
1.0+ ,,;(

0.5%5% \m“a ry . h{:f"ﬁh

. 500 1 000 1500 2 000

UERZS
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Fig.5 Variation of episode reward with step
x1 BEERABIL

Tab.1 Comparison of different algorithms

ok sk 5 il FUK W I 45
U e [ia] A5 ZER LI
DDPG — % — JeHE Jc
TD3 Bk B B Jc
Lt 5AEL M
SCN-TD3 [ - Bt
" o T ez

NG, 4 5 D YIZR episode 45 )5, Fl
FH 2SR 1 56 8 R 28 53047 10 YRPLIR D B4 BOT- 1
A N HAIE [FR . SCN-TD3 53] 1 e A 5631 171 4
{H 4 1.928 8, i DDPG 5 TD3 #54 T (i e L 563k [m]
RAB T30 1.602 9 5 1.690 8. 454k e L B Ak 1]
AR TR I 1 321 T 4 ) SR A 2% 2 TS
2 BREEHIER

Tab.2  Optimal control policy N

"k 1 RiLJi2 I3 R4 KRS
DDPG 13 000 7123 6 354 5227 6313
TD3 8 078 11 778 5001 5010 9117
SCN-TD3 10 407 7316 5 200 5 155 8 162

4.2 JGEREBNTUSH

R T ARG e Zrad R b B AR A AE L, A
X4 T DDPG \TD3 5 SCN-TD3 # i N 457l 45
KL T BN 228 K AR PR e (DL EL 6) . i &
6 I FEINZRI) RN, K 2 B6 K 5 R IR
LETEf/IMAS 000 B 3T, 3 551k ¥ B A R 8 e A
Bl DN 2R34T, iz ik Ry R e A o5, B 2l
T —E M EH 7K. SCN-TD3 #H T4 4 K&
07 W SHGH FE B T A P A R B T SCN-TD3
FEPERE A3
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Fig.6  Variation of blank holder force with each control step

43 RmRESW

HE DDPG [ TD3 L) K SCN-TD3 2%~ 3| i
JE31 45 S 75 ABAQUS H 43 kAT M b5
PR, MR B 45 50 1Y Mises N 1047 = & J&
FEr i =B S UL MR8 oA o A 7 it Jot i 74T
Mises [ 1 730 1 = B 78 T B 25 A BR 7T 5 7T 19
Mises W J1 o3 A i . ARYEE 7~9, 1T LIFS 3] =#1)
IR ST bR 04 221 4 47500 %3 708. M
oA LA, TD3 F N i b 8 PN g AR /)N
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