EA1EES5H
2024 4 10 A

it 3 E R

Chinese Journal of Computational Mechanics

Vol. 41, No. 5
October 2024

DOI: 10. 7511/js1x20240722002

IR S R N F1T AR S TR E N 2 B

HORBE,  iRA=5ET,

p U N
REBE,

LA, BRW,

LI S

(L U LR R MU LR Z5H o R P il 4 T8 i S22 9 it 2100165
2. TR G LRUFFEFT LA 1000765 3. LMK S I UFR BT ARG WA HE HEHOR SE 3 %, b At 100076)

W B REFIAAANBEALRERFRAELNE T TN EF RS WAL K E, & AT A B4
B, AXRET —HEoERWEMEEA S REEUEART T N TNER, ERHEEEER G ERT HM
HEECWCrZD BEEA MEBAURERECE TR ZATETHELA AR ERFENRE HEHE
AR TN EHR Y FAINER. . ETERERAREEREA S HHRTRE, RIET EA N E
PURFMES . ME ERASHEREENRAEEEAABHEELTANREIEARTHTT — R AR
TN R X BENERGERBERNERER AT TINE RIEFN K, FREREN ZERWE W 4EH
AAEREFTNEENEN, BERD THHAE R THEEM AL I FHERTM T EY L ANE,

KR M ARG GRS HE S
B4 %EE.V256;0302 XERFR AL A

1 51 B

ekt ¥ AM (Additive Manufacturing) 4%
AR R 3D AT ER LA, & — i il i 38 2 & A R
et 5 2 = AE R S E R 1 T AT 565
R A T3 A LG L B8R 3 B AT B A R M
RHR 2 ey R R 0 e AR AR L O AR
oK, BE A R B A HE D R R 1 2 AL 3 A
il 38 B AR TE A2 WK L A W R T RIR 4 ] o 4
BRI T T N Y R AR M AR AR M
AHR 3 b BEORE ] 3 E  H H R Y A SR
W B o R

VZEBMEL AN KE 4V BREE . HE
G RV A A AL O T BB 3 T
HT T4 4 B U 5 1) S R L S5 R T S ol
AE LA K 3¢ e 1) 5 BE AIE B2 78 Tl B4R T Y
RN FERAS LR AU A AT T
KA R BB SCBETRAT QAR 2 B | PSS i
DA K% g 5 B 65 A 3 0 B R E 1 b o

s HE.2024-07-22; fEUARYCE) B H#.2024-08-13.

NXEHS.1007-4708(2024)05-0843-08

e, PRSI A/ Ve A ) E R T A 2R
WA 25 H , H ) 2= Re AN 32 31 T2 28
WO T A8 AT 13 A2 IS 45D 1Y 52w , 38 5 MR
TRlOUL 45 ) R 5F 285 DIDAF OG0 TRt 8 4 i 3 4
G 4 1A AT Ry 8 0 A R R PR

BB, 455 15 B 1A IROC T e R
SFPERE T 7 T & A AR G A R
PEAH FR G 7 % CPFEM (Crystal Plasticity Finite
Element Method) A L0 43 J& B4 kL 0 Hr Al | 9% 55
Fe Wi 255 g 2 A7 Rt S 3k 9% 57 A S e 4 A A
ALLXS 4 Jm MR Y 9% 97 R 80 5 A i AT
M1 AR 2 W A BR T O AT S 4
WL 2548 i 22 RUBE 22 ) B3 R 5 1 ) 0 A 7E T 5
JIUAS T AR A5 A5 e 5 A R A% AR P A5 [

T AR, TR 27 ST A g N TR i 40008 1Y) i 9
AR PRHCAE b 3 5 2% 500 R e e 5 2 1) Ry T 114
E R e 1B o N B & EZY T E- 97
s 7ok RE 0 N -0 AR i 22 R O 2 R T
B, g A . Yamanaka 555 ) IR BE 2 1

EE&TH  BRESEFER2ERIA (2022YFB4600700) ; B KB H K L 305 (J2019-1V-0014-0082) ; B 5 4F A A 5 H % Bh.
EEEN S i (1987, B i1, 4% (E-mail : yimin@nuaa. edu. cn).

SIRARST: 1 RIE, TR X2 L 56 BSR4 & A B 0 2447 g (0 45 AR 22 W 25 T (1], 1153 70 % %4, 2024, 41(5) : 843-850.
XIAO Qing-hui, ZHANG Ren-jia, LIU Shi-jie, et al. Predicting tensile behavior of additively manufactured copper alloys by

convolutional neural network[]]. Chinese Journal of Computational Mechanics,2024,41(5) ;:843-850.




844 it ' A

414

4 HI T e JRBE 0 5L A1 A I 2% L T4
2 045 CONNOL 5 2 b 752725 i 4 00
R T (SR PERE

AR T —F 445 CNN 5 CPFEM (1 i
R 48 R B T 48 64 63 45 4 (CuCrzn) 1
UL F T .t 0B S 0 2 A T
e ASCH 6 it CPFEM M 3003 OB . OF 55
SRS RHETT T A R E . AT CNN 8 b
3 0 O L0 7 A7 B (5L 3 425 T
SESLACR S TR O RO (5 0 e
22 1 P AEIEE 3% 4y A 4 09 2 R R
VPR AL T 57 9 B 5 07

2 EMASEREFEEEEE

OB K A AR TR I, S0 AR 6 B F A] L ofe i

Gy R R AR I R R W BE AR TR F, R A A%
ARG R AR TR F,, HEES

F=F,F, ¢))

TE di AR SRR RL vh A R S8 A JE ol L 9

S, PR A v (e Ae 7R b ) R P R AR L, 2 L

N

L,=F,F 1:2 Yim: & nt (2)
Kb mg 5 ng 5351 BIERTSE « MR LAYH
# 75 1w 1) 5k 0 1 A T 925 o) ) et (22 O B 1) D
TERA A A i 8 R B AR A L
R A T G L O LU Sl DR 5 D) R
U0 0N 3 RGO 435 ) 1) 214 IR 2 B0 R R Ok L Bp
Ye=7 =" /g Y "sign( e — %) (3)
K 7, ASFWBE. ()N Macauley $f5, H
EXNY 2<<OBf, (2)=03;Y 2> 00f,{(x) =z,
xRN W — R 0. g AR ). B
P ARAURAEAE B 1/ m PR S AT S 8 3 O R
PE 1/ m—0 BF, AT LU RUIA S 4 8 3 3l A7
BIK, o NI AER AR B By Rk 2 a]
DAL BL A )
“=8SmiQn 4
A F S K% 2 Piola-Kirchhoff W Jy k&
B 3 A T RSB g th 2 sR AL AL
il (1 5Tk 4 L =X GO
gi=ti+ i + e + T (5)
b o il B3 UL g AR SR AL 12 B Y b A
FEERE B A T [ BE 45 )L 05 N AR T I 5
BE s i MR IR TTER . <y oL RS Al Ak Y

TTRK RN b AR AL s <l R [ SRR Y TRk . X
T b 3R DU i A BT R A SCTE ME SR R S 1 AR U AE
ZEN TR AL B, HO2% i B VI ) e B RS R
VAL A T A B R T A B T AR T AL
T 308 o ) R A AR 2 B3 fufE A ) 5 A o B 1) 25 2% )
P RNEERAERYE
H T AR B B A 67 48 R AR B 1% BT AR R A
5
i, — ¢, MGb /p, (6)
K o, FOLETE L AT LGE o KAM 5 3 % 3 1
il 365 B A 4 1 URE R AT DU s ML G ORI b 430 o 28 i
K7 B P 2 F Burgers & WAL, ¢, AT 4
e 28
it R R X i i 5 B SR - Hall-Petch ¢
EE N
v, = k/d (7
FH kA Hall-Petch &40, d HLFEEFIC RVE
(Representative Volume Element) # & 4~ & b B9
RAF,
FERE A ) 3 40 A 4 b, Cu AR rh R 5 7 [ 7%
BMTCER 155 Fh s A2, 100 52 e 46 55 02 3, &
B 4 1Y SR AR RN o [F 7 5 A X T M 51 JEE 14 TR T
EL T
= MGe"/x,/3 (8)
K 2, B Cr TRTFEFEF AR BERE, < i
BRBEAR M S K, th TS (Zo) VR (O) ViE(SD
R (Fe) 7E 8] (Cu) Be A v i 55 B AR H ¥ i 2 55
JIN s PR Ot 22 EG 5 A BTRIR
BeAh, 15 R ) 3 AL IR N Armstrong-Frederick
B S S IE C R KRB
X =hy—hp |7 (9
b h W EIEMACRE b HEIEIKE RE R
TG S5 VDN A7 A

Nilip

= > h |77 (10)
p=1

hog = qusLho (1—78/7)] (1)

K g, W RLE R, he LR E, <
TR ), o R REAL R

3 HRMEMKRE
3.1 BRMBEMEHA
CNIN 2 — R fE 25 7 0858 T F b 2 4%

ol o R MR A L RERS A BhA ) KR
B RS AL, 308 Jk 2 B w5 R g 0 32 4 14 O =K Wi il



%5

HOKE % MR A SR F4T A o & R 4 W 4% B

845

DR SR, T 2 I SRR Rz AL RE . H
56, B FUZ A 6 B BAR AT R A 4 4 4 B
FEAE 5 LUK, Ak J2 38 T SR A U AR AT T A RS
Ui B8 BB RRE W B S R IR A A T
A& B RRAE AT 43 2R 5l . CNN 7z b
G325 L H A A I R 8 43 0 S5 AT 55, 35 4 T
T AL 1 VE R Y 22 2 UORRAE L DT AE Ak 242
AL R A,
3.2 EMRHEMLKLEN

AR SCHE AT T T S50 A N - A i 4
By CNN ZE4g , w] LLAI F 3G b4 i 8 T85O0 25 44 1) 42 Jmy
Ry S R A A T I A RE B O S PR RE . 2 I 2% FR A
A (Input) ., % BL#2 1E # 4 (Convolution opera-
tion) | J& 3 #B 43 (Flatten) | 4= & 4 )2 ¥ 43 (Fully
connected network) PA K fi th (Output) 20 B, 10
B TR . &R AER o RS T & 2 1 10
o —2H AT 2 2 0 A B G i A AR R AT SR 3 ek

L]
- L]
e L, @
i ]
i Input imape | & | & . . -
et e N
‘ ; - W
. o £
Piub} (NEH]
rrvialu ol 1 il
i
! =
[ L)
1 L
|
! & i =
T
i L ]
W Conv 3x3, Rel.l L
*"-.:.'1-:|-.--i T "."
£ f Input grain size

.............................................................................................................

R PRIBCRFAE . 2 FRAR AR B 45 2R 2 AR AR I (Feature
map) » BB — DR . T 4 e AR
2 T8 W A BURAE S B ReL U 303 o6 %K.
TEE T R B RUZECR AT 3 X3 BB )5
% RelLU B R 80, BV A 22 0 P o 40 K D ok
F7IXHE— UCHR AT, 1] RUA B8O SF i) o [a] i AT

DA B i N A e T R R

Ak )= 2

TR R B HE AT R SR AR 8 B 4k B RO 5
H, R fk (Max pooling) & & F 14 it 1k J5 2%,
3 2o 5 JR S X 48 P Y e KA S s R B
ERAE, 1 BRZRHERE 1 2X2 1
I KA 2 B A 28 2ok 1 b 20 6 o Sk R AT X ORE —
CHRAE T LUK BB R 2 | d 38 PR 3 AN 2
Gl Z )2 B M AL BE IS L 45 3 19 5 4 RRAE K
i A — e i R R AR R, 2k
F2 22 T8 2o 2 P A 8 R AR 2 M 0TS oR BOE AT B

By 1 TR 25
ey
i # I'l
T " 1
L] * L]
. -

Fully connected netwark

."J_L"' “IU r
."'“~JII hA 11| ——————
LT, - - =
| 2 |
g @y @ s
L o L
\ .I{;-!._.{;—} T = 101} ;
L Tl 2l i ]
Ol — g Eh CPFEM |
wall PN 1L Y - || . CNK
I/"\r: Y k;l .'-{..JI A 0
e -‘:. % "-'.._._ Al
.’“\,I (} ‘f\_:j 20t
Lo, {— !
O e —
0.0 0.01 [0z
Slram i
‘ Comcotenpic ‘- Reshape

B T 000 G A A 4 - AR il 2R 9 CNIN 224

Fig. 1 CNN architecture for predicting stress-strain curves of AM copper alloy
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Predicting tensile behavior of additively manufactured copper

alloys by convolutional neural network

XIAO Qing-hui's ZHANG Ren-jia’, LIU Shi-jie®, HU Wen-xuan',
LU Chenxi', ZHU Si-ying', YI Min"'
(1. State Key Laboratory of Mechanics and Control for Aerospace Structures, NUAA,Nanjing 210016, China;
2. Beijing Institute of Aerospace Systems Engineering,Beijing 100076, China;
3. Beijing Aerospace Propulsion Institute & Laboratory of Science and Technology on Cryogenic Liquid Propulsion,
Beijing 100076, China)

Abstract; Deep learning has gained significant attention due to its remarkable advantages in handling
complex data and tasks, and has been successfully applied in material property prediction. Here, a
mathematical framework combining the convolutional neural network (CNN) model with the crystal
plasticity finite element method (CPFEM) that considers the strengthening contributions from solid
solution.dislocation and grain boundary is proposed to predict the uniaxial tensile mechanical behavior of
additively manufactured CuCrZr copper alloy by using its crystallographic texture polar figure,
microstructure figure and grain size. The crystal plasticity model parameters are calibrated by using
experimental results to verify the model’s accuracy and predictive ability. Subsequently, a series of
CPFEM simulations is conducted for different representative volume elements using the calibrated
crystal plasticity model. These simulation results are used to train,validat,and test the CNN model. The
results show that the CNN model significantly reduces the computation time while guaranteeing the

prediction accuracy,demonstrating its promising application in mechanical property prediction.

Key words: additive manufacturing; convolutional neural networks;crystal plasticity;copper alloys
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Study on formation mechanism of molten pool defects during selective

laser melting process

ZHOU Xiang, JIANG Wu-gui®, LIQi, CHEN Tao, PENG Jie
(School of Aeronautical Manufacturing Engineering, Nanchang Hangkong University, Nanchang 330063, China)

Abstract: A three-dimensional high fidelity computational fluid dynamics model was used to study the
melt flow and defect formation process of nickel-based high-temperature alloy GH4169 during SLM,
revealing the formation mechanisms of molten pool defects such as denudation and balling during the
SLM process. The simulation results indicated that the primary driving forces governing the molten pool
are the Marangoni force and surface tension,where the Marangoni force causes the melt pool to flow out
from the inside, while surface tension causes the melt pool to flow inwards from the outside. Denudation
phenomena usually occur near the molten pool. When the denudation area is small, it appears and
disappears periodically. However, when the denudation area is large, a limited amount of molten liquid
cannot sufficiently fill the large denudation area, resulting in surface quality degradation. Furthermore,
when the length-to-depth ratio of the melt pool is lower than 3. 4, balling is more likely to occur at the
interface between the high-temperature region dominated by Marangoni force and the low-temperature
region dominated by surface tension. The present work contributes to guiding process optimization and

improving the surface quality of SLM parts.

Key words: selective laser melting; domputational fluid dynamics; nickel-based superalloy; molten pool

defect;surface quality



