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MACHINE LEARNED MECHANICAL PROPERTIES PREDICTION OF ADDITIVELY
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Abstract Additive manufacturing (AM) is a revolutionary breakthrough in the manufacturing of modern high-end
equipment. In order to promote the mass production and reliable applications of AM-processed components, the major
determining factors include manufacturing repeatability, quality reliability, and performance predictability. However, the
combined effects of anisotropic microstructure, randomly distributed defects, internal residual stresses, and surface
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roughness pose a challenge for the prediction accuracy and efficiency of mechanical properties through traditional
empirical models and limited testing data. Recently, as an inevitable product of the development of big data and artificial
intelligence to a certain stage, machine learning (ML) has demonstrated a great potential for modelling the complex
nonlinear relationships among high-dimensional physical quantities, which has received continuous attention in the field
of predicting the mechanical properties of AM-processed materials. This paper offers a comprehensive review of the
research progress in predicting the mechanical properties of AM-processed metals and components using ML methods.
First, the common ML algorithms (parametric and non-parametric models) and general ML procedures (data preparation,
model establishment, and model application and evaluation) are briefly introduced. Special attention is devoted to
exploring the characteristics and construction methods of the advanced physics-informed machine learning (PIML), with
specific discussions on the physics-informed model input, construction and output. Furthermore, the reasons for the
formation of the four major influencing factors on the mechanical properties of AM-processed materials (anisotropic
microstructure, manufacturing defects, residual stresses, and surface roughness), and the current application status of ML
in predicting these influencing factors are summarized. This paper focuses on the representative research results of ML
and PIML in predicting the tensile and fatigue fracture properties of AM-processed metals. Finally, the limitations of ML
in predicting the mechanical properties of AM-processed metals, as well as the hot topics and technological prospects, are

pointed out.

Key words data-driven, physics-informed, microstructure, defect evolution, fatigue life
51 5 N TSGR AR R AR L T SRR K

M I RENT I e 25 R I, R AE Tl HE
LN T I3 G R G Y A R R T TR
P MBI S5 K BT 2 e A ) TR N AR AR 2 1 2
AR, WA 1R, BRI X8 KAk 2 i A
B, X 2 YR AR AN A MR TE B NI T 23 A FR)

H4#4H]i% (additive manufacturing, AM) #&—Ff
BT My aul, pEREMEREE NS, U
K 2P RIER R, DIEOGHR . R, 5§
B B AN IGR, B R A A HE RN R

UL T G B S RE G BOR U2 DU AR
AN B HER DT 5O 73 M, 1 Brbr AL 4 24
(International Organization for Standardization,
1SO) 13 [E # K} 558 ¥ 2 (American Society for
Testing and Materials, ASTM) 7E ISO/ASTM 52900
PRAERE ST 7 R RS G T X JE AR
I W & SR D9 R R A& Rl (powder bed
fusion, PBF) /€ [7] fE & YL R (direct energy
deposition, DED).

55 4% G5 (R S5 R4 AR )36 A B, B A )G B
MR S Bt E B R A R, i
FRAAIC A 8 B 78 #E 20 S5 10 A5, 2 AR RE 4% i R
() — R PE R C. Zad il 40 IR &, HA i
EAENTNR . AV R T A EIE =2 @ %
SRR T BRI R AR 5060, C Ryt
T4 HE G SRR R bR BORBIEFT BOE KA SR E
FEf BT R —, 58] 75 E L B A E
85 TP K 1 78 5w S T b 1) v P EE S K ) SR,
G 1 ARZ KR s .

FUAT, BAF Tt 344 s A AL B CL5E i 1 R
REIWESARAELL, 10 T VEREVFOT 5 TARE R HT AOAR
AERLYE AR A A SR A 5. — SemF S04 H, AR
T 2 AR i S MR A 9 P 5 4% e D B AN 1 A 2,
113982 57 560 L B, 5 57 73 iy S DR AR 1) B b, X
NI T 1 B R AT S PP A RS T B L FH 5 R A
RHRELL BRI, D 1 DR B B A R PR A RO AL T
SV S 2 e, Y T ZS 8- AR L] -5 05 1
PATLRE-HR A B O S IBCATL A, 23E T o4 1k b T 98 55
Wi R P R AL S B, Tt A AT B A R S5 R A
HERLVE ) L ZE AT S

SAEG G . RS AR RO I 32 PR A4 A AR
bh, SRR 4 RECRFHIE: /5. BERE. 7
JRERALZ, T S5k BE B 50 A 0 P9 BB BR SR F0 5%
RIS B BRI AR TS, 1R 23 A (R 5 i 8 44
e 55 1V E Y 4 ZER VO Ty _E SR 2 PR 3R 5
G TZHEUIMR, B, Bk 1 IR R 2 5 1k
A ENPRES IR IR EWA- A L PSESVIE S iR I SN
RO, WETIR T MR, E T ESH- T



ns
=2

1894 VA

2

Eitd 2024 4E 2 56 &

model slicing;

design margins;
feature design; - ~ contour parameter;
topology; 7 2 build direction;
optimization; < < support design;
generative design; g design E: method selection;
3D model; process geometry
Mass; ... restriction; ...
type and chemistry; 8 power; hatch space;
i e © scan speed;
particle size; i) £ :
e : 3] < scanning strategy;
wire diameter; 2 g )
s 7] &. layer thickness;
flowability; 3 e
G o o 7 powder flow rate;
humidity; = additive S melt pool
multi-material; ... manufacturing =3 stability: )

hot isostatic pressing; powder removal;

annealing; ageing; é &n support removal;

solution treatment; = ‘= build plat removal;

heat treatment g § final machining;

temperature and g post £ surface polishing;
<

time; ... processing cleaning; ...

tensile property; \

quality testing is conducted before
and after post-processing

microstructure; fatigue property;
defect and crack; >, %‘ fracture property;
surface roughness; 7;3 oy corrosion resistance;
residual stress; o 2 fireproofing;
G performance .
spattering; ... e thermophysical
property; ... )
\

proof téstll?g; . online monitoring;

eva_luathn, 2 .£ light maintenance;

verlﬁcatlor{; s § heavy maintenance;

system testing; = - ‘S overhaul period;

assembly; 5 engineering g repairing; :
o

checkout; ...

application

B SR BB PR ST 28 R A 2 AN BR 5]

Fig. 1 Multiple links in AM from component design to engineering

applicationl®!

RERREH LESH-HM R ER- AR R R 2
U EG A AL A 7 S P R TN ¥ B U2 R, A%
GEWt AU T2 TSR . BRI S A HUE K AR
SETTVER ) A RE TR ASE Y, T X L8 T VR AE RN
248 2 =M A BV 27 2 44 0 4@ 3 A i i T
SRR R 277 VR RE B R IROC R 7 AT A7 £E
FAR K = BR A, 58507 W7 2 B T (4 FE A
R AE LA R K.

VENBE KRS 4 W B 2504 SR 3 R} o 1 g 7Y
R, W4 >] (machine learning, ML) A7 2 Ab
e ) R Y TR B A AR O R AR AL T B,
AT 4 K E 465 J8 14 1A 1) 3 4R BB VE O H 45 21002 LA

B0, Ph<additive manufacturing” fl“machine
learning” ¢ 17, £ Web of Science Z(# & H, I
R R B AR IR L 600 Ros (BE 2022 4F 12 H). Kl 2
7R 0 2011—2022 42 [ 3G A7 1l 35 AL 4% 27 >) U
FAR R KRGO I 4 FHR TR EERITIREE
Y. X R, 24 & SO T3 A G AR O
TERE H 2R3N, I RCh & B 5 E O 1) R
J Az —. BARKE, L8822 2] TR SE M & A4 K}
S i) R 3 A R R BT R
il BREEIEIN SR, T 2SR e
To & 22 T g 13150,

BLES 2 212 KT AL E T B M R St
B, Jfis FH AR BOHs EAT TN 5 40 Hr 10— 1] 2%
b BAINLES 5 2] 2 B T 3R I B 1), RIZE B AL
AR AT HE T KT HHE Hh 42 48 B3 S AU 06200 T
X DA RN AL #5 5% 2) B TSR Z AR G A B 24
W, FEUBIAY ) AT AR 22, BIVE BT U ) R A A
BT RGNS 2 IR AT R . i B R
SIHTRESD, ITAER, — MR & YR B LIRS I
WL#s %% 21 7712 (physics-informed machine learning,
PIML) 512 1 )72 RyER

AL GREE T AL 7 > 1 4 8 S o g 22

450
400 database: web of science 402
| keywords: additive manufacturing +
350 ¢ machine learning
w
S
‘é 300 ¢ 279
& 250
(=]
5 200+
e
E 150}
E
100 +
50 b
S P 0 PO D N
NSNS R SN SR N S N R AV
DA AT AR AN DD P
year
(a) WCRE

(a) Academic paper publication

= data security

= process optimization

= composition design

= performance prediction
= anomaly detection

= defect prediction

= heat flux prediction

= review

(b) I FTATIK
(b) Research field

Bl 2 BLEs S SRS I U AT 5 18

Fig.2 Research and application of machine learning in AM
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Fig.3  Schematic of common machine learning model structures
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Table 1 Classification and characteristics of machine learning algorithms
Types Algorithms Advantages Disadvantages
. simplicity, ease of implementation in programming, and . . . .
parametric models LR . B stringent assumptions required and poor prediction accuracy
strong interpretability
_— feasible for small sample tasks and high-dimensional limited explanatory of high-dimensional mapping and substantial
nonlinear problems memory consumption
. quantifiable feature contributions, rapid training speed,  susceptibility to overfitting in high-noise scenarios and limited
non-parametric models RF
and parallel processing capability effectiveness in low-dimensional settings
XGBoost rapid computation and exceptional performance excessive parameterization and complex tuning process

parametric or non-

parametric models

of nonlinear relationships

high classification accuracy and effective approximation high parameter count, limited interpretability, and challenges in

locating global minima
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Fig. 5 Schematic of the prediction of grain structure by machine learning

UKL - FH 37 i 8 A AR 45
22 JIEERERRE

FER I SR BAT oA . RS SR R
8PS K S T LR 2 SR . AR R 5 BRI
T WL TP R A SR, Al 6 PRt [ A A
R LIt T, HeRE . RST RV HFESN,
Z M ATESRI B 5 AR BE S AN R ITEL 0
B ROFPECRAESIR I, 2o fifelaihins. R
WS AR AN G IR AL BRI B AE — E FEJRE b PR AR BR
B KT, e A By MR 5 1) i dd e s 1 D9 8 7 R R,
PRI REUUA%, BRI VE RE ST FEATR
K IIIR 57 73 i 2 WO, D998 55 1k R 10 v 5 1Al A0
T i R

H AT ST A 7 250 1R kB A2 2 500 5

gas pores

.8 ) )
s - 3
. . /sphericity: 0.84  sphericity: 0.78

lack of fusion defects

926 pm

=

- /:phericity: 0.36 Aphericity: 0.34

T i)
K6 BEXEIGIBLEIE AlSilOMg 54 4k k) Al
Fig. 6 Distribution of defects in L-PBF AlISil0Mg alloy!*”!

814 pm

- b 1id direction

[44]

AR M B PLES 2 2 7k, KT BRI E L MR I, Chen
U IR T Bl R AL U AR BT, AT AT
DED i % 1 R I Gk B3 A T B, B rh 55 1 SR
Z Bl 20738 DL AT SRR . JEAL R R R S
B R E IO BR AT X SR BEAT B B, T AT 2
FEARALBR e, 3T OB 5 & 5 B T 50 e A &
Bt HFEIS, Li 590 5 7 5 T BE B R E A 1 = 4
GRRE R S BEAY, 455 = 4E AR R R G, #EAT AL
I8 R R SR A SR B L e Ak, Li SRR GINTT
BEECT- 35 it 2 DR IR R B 2 AN S B, i
P 1R MR I R BT R A o) AR R
D BGAR, T A SR AE B B E 2 U 52 315G i,
Pandiyan SE0U $2 7 —Fl 2 BRI, BT R
TE G35, A RO IX 23 B0 3 A ) 3 i R v 1 I SR
X 5 5 X 3

KT BEAGRERN, Lin 0 32 7 —Fh 2T
BLER IR B ML 2% 5 S A58, Fi0 A fig s L-PBF Hik
FE IR P A AR AR T M i L 2S5 (o o %
MR TE L) LA 2 ot B R T T B AT ).
4, Zhang FEB R T — MR T WS B eh A 2%
(physics-informed neural network, PINN) [f]4; —HE4E,
FH 3 4 2 3 2 A b gl B JTUART AR S i @ = i 38 K
IR BB T B T4 i, Akbari 2054 FIH K 7 B
() 8 FALAS 7 A, JE T T2 S5 kL RE, T
J'& 1 HGHA 1) 35 A b L ART TR FH R B 2R 28 (UL AN AR
FE A R BE ) TN, A4t 4% ) RN T 20 A0 A0 BE e
filh, Jorp, 7R AL B A N BRI, SR T 2 R REAE TR



i

1900 Vaj

4

Eitd 2024 3 56 &

processing parameters material properties

beam power " density
scanning speed §_ melting point
layer thickness -8 absorptivity

beam diameter specific heat
hatch spacing thermal conductivity >
oo N

ridge and lasso

regression
melt pool

classification

SVM LR

melt pool geometry

keyhole  balling

desirable

outputs
power

lack of fusion |
Velocity 1

&7 SR i b ) AT TSR AN ke S T SR AR
Fig. 7 Prediction process of melt pool geometry and defect types in

additive manufacturing™>¥

Jridk, USRI R Gt R IR ME R BRAR RE /0. 45K
B, AE 73 AN B T T, AR N 2% L 6 P 4 5 Rt L
AR T PEREDE T H AR g, i f2 i 7 —Fb
Kot W A R U0 5 3%, H T T 2S5
B BT TS LR AR. S H A 2 OB R A X T
fegiblas 5 SR RS 5y fift B, IR I b J L Ao fr) 000
P fE_ERILTEAR.

MRS ORI LA L TR L A
A, A A R ﬁﬁ&ﬂ%%ﬂ%ﬂﬁﬁﬁﬁﬁﬁﬁ
—EMZESE. AT R IR 3 Pk SR AT S
712K, Poudel 2% $2 T—ﬁl@,é‘%/\ﬁ;@g A
BB R7 . A ORI R W
B E AR LSS 9 A S K, X8RI ) J LT R AR 3R AT
R, WA 8 R, BT R B 1 LT 24,
FE ML BEAY - S A i e g B 0 2K, A A HE A
KT 99%. B IR HER 73 S0 T BR AR B e X AR
AREAE BRASCAT D PR M 45 5 L 2

1 maximum axis I Ll 12 0
2 roundness sparseness | T TE keyhole
3 sparseness * 20 ] /
» 4 aspec.t r.atlo sphericity / S—
§ 5 sphericity / T15 115 lack of
6 extent / K fusion
7 elongation aspect ratlo £ S // 19
V4
- B 7
8 solidity ¥ \_; 5
9 flatness -
maximum axis & T T gas pore
0 051.01520253035 e N —
importance —6. 6.3 -23 23 3.0 3.0
() TEASHE L RAL (b) ANN BRI 4E 1

(a) Rankings of the morphological
parameters in terms of their importance

K8 ATk

(b) Architecture of the ANN model

B4 73 SR N A 22 o 45 05

Fig. 8 Aurtificial neural network for defect classification!>!

23 BHRERNNSHEEE

EHF A 22 [ 2R SR A e o) S PR I R A it ] 3o
e, [ P — BRI CR RS A R DL 5. 1
-k 8] - I A AR A 3 B AN 8 2] IR PE AR I R 4
PR3 ke A% 2 77 1) 1 ORI S TS iR
PRI J2 DX I H S ISR AR LI 7, TSR AR L 7
S PEARIE 55 BN AL AN FEBH 75, 215 % A4 k)
W 7 W 2 e+ AR

Demir Z5P0T 52 7 — =4 S ) B0 € Bl

5, BIAH X B 2501 3 ¥ (relative spacetime

proximity, RSP) K. >k F 7 [a) A [a) b A AL o6
e b ﬁﬁﬁHTWzBL'ri VA AR LT T
R R AR AR AT 3R 1S RSP &L FE LR
BE— DI 25 NN AL, DL EH 48 58 A% I 47 0 755 HE 1
T iifﬁ%di&%é%r\“ 1534

BRI IE R R R 2 — T i U,
TBELEWHD VORI R R4S A R R T S 3L
TR FERHIE (RIERCE P . RERMrE . LA
SEEOR BN R RN AE X PR S, 3 B0 A )i 2K 1
FERS F5E v A% G il 3 7 vk DR 110 3 T A 3L 1)



&7 HIHERE S5 5T HLE 7 2T B3 b 0 & bR ) 2 1 RE TN WE TU 3 Fie 5 P

R 1A AR, 25 S5 BBV A%, AT K FE A1
FERII 55 98 J% 75 i, R0 S5 5
A AR,

BP9 R, Wang S50 4R HE T — 4k FE 1
AP ERAE B ML 8284, JE T L-PBF 1) T2 Sl
M EIEZS CoCrFeNiMn =% A 4 B i 1012 28 T RS

1901

JEERIAR X %5 5, R T b AR Gu b 88 2% S Bk
(n SVM) BEARL R T &

2B THREIEEMENEHLR . BE.
B AR N FROREL A T m ) AR R Y, AR 7T
P T LR I 255 SR

process paremeter
features

physics-informed
features

high-dimensional features of parameters

physics-informed
features

machine learning machine learning

(a) B WS B AR AE

(a) With the original characteristics of physical information

(b) HAWIAE B RIYE L 55

(b) Dimension enhancement with physical information
9 FET4E R SR AN HAE S ML AEALGT
Fig. 9 Dimensionally enhanced and physically informed ML model®®”!
*2 HBRFIAEMEIEER, BRiE. FRENDFHEREE TN PRI N R

Table 2 Application of ML to prediction of microstructure, defect, residual stress and roughness in additive manufacturing

Materials ML models Inputs Outputs
Ti-6A1-4Vi2 GP preheating temperature, beam power, and scanning speed grain structure
Ti-6A1-4V#! ANN thermal gradient, crystal orientation, and Marangoni effect grain boundary tilt angle
inconel 71844 ANN temperature gradient, solidification rate, and cooling rate grain size and aspect ratio

steell*®! LR, ANN wire feed rate, welding speed, arc voltage, and nozzle-to-plate distance bead width and height
temperature, scanning velocity, melt pool width, depth and length, and the width of the
simulation datal®”! LR P ¢ 4 P P ¢ grain structure
heat-affected zone
17-4 PH stainless . .
GP laser power and scanning speed porosity
steel(*]
inconel 718" LR, SVM, ANN scanning speed, beam current, substrate temperature, and layer thickness density
AlSi1oMgl®? GP laser power and scan speed density
TiSAISV5Mo3Crl®] ANN laser power, scanning velocity, and hatching distance density
Ti-6Al1-4V*4 LR, NB, SVM laser power, scanning speed, energy density, and layer thickness density
SS 316, IN 718 and . . L .
800 HI RF, ANN per unit temperature change, heat input, substrate rigidity, and pool volume residual stress
AISI 304L steel!®®! ANN temperature history of the elements and their spatial coordinates residual stress
. o7 ) . . surface roughness and
Ti-6Al-4V BPNN laser power, laser scanning speed, layer thickness, and hatch distance densit
ensity
o . . surface roughness and
316L-Cu steel(®® GP laser power, velocity, and hatch spacing .
density
. = laser power, scan speed, hatch spacing, laser pattern increment angle, and heat treatment
Ti-6A1-4V ANN = surface roughness
condition
SVM, ELM,

mild carbon steell”"]

welding speed, wire feed speed, and overlap ratio
ANFIS

surface roughness
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Materials ML models Inputs Outputs
inconel 6257"] ANN laser power, scan velocity, energy density, and scan stripe rotation surface roughness
316L stainless steel’?! BN laser power, scan speed, hatch spacing, and layer thickness surface roughness and density

Note: LR: logistic regression; NB: naive Bayes; ELM: extreme learning machine; ANFIS: adaptive-network-based fuzzy inference system; BN: Bayesian

networks
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Fig. 12 Replacing the data-driven framework of mechanical models with GP metamodel(®!)
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Table 3  Application of machine learning in predicting mechanical behavior of additively manufactured metallic alloys

Materials ML models Inputs Outputs
inconel 718!1%] CNN thermal history ultimate tensile strength
17-4 PH stainless steel(!%] ANN grain size and shape features ultimate tensile strength, yield strength, and fracture strain

strut length, strut diameter, and strut

Ti-6A1-4V1107) SNN, DNN, DLNN

orientation angle

ultimate strength, elastic modulus, and specific strength




7MW AR A5 T LA 2 2) AOHE M 3G & A RL ) 22 1 RE TN F 7 8k Ji8 55 P AR 1911
HR3
Materials ML models Inputs Outputs
316L stainless steel!!%! ridge regression, morphological and crystallographic features yield strength
XGBoost, CNN
Ti-6AL4VISH NB, SVM, laser power, laser speed, scan hatch spacing, layer thickness, microhardness, elastic-modulus, yield strength,
i-6Al-
logistic regression mean powder size, and laser energy ultimate tensile strength, and strain
AlSi1oMgl'®! PINN defect Varea  effective diameter, sphericity, and stress range fatigue life
i o building orientation, input power, scan speed, hatch distance, . .
Ti-6A1-4VEs] PGNN fatigue life

layer thickness, and heating platform temperature

316L stainless steel, Ti-6Al-

laser power, scan speed, hatch space, layer thickness, maximum

. ANN, RF fatigue life
4V and AlSi10Mg!!%! stress, and stress
316L stainless steell!'”)  ANN, RF, SVM laser power, scan speed, hatch space, and layer thickness fatigue life
. build orientation, heat treatment, surface roughness, density, . .
316L stainless steell!'!) GP fatigue life
and stress level
Ti-6Al-4VI12] DONN surface roughness, pore position, pore density, and pore size fatigue life
TA2-TA15FITC4-TC1113] RF stress concentration factor, stress level, and stress ratio fatigue life

Note: CNN: convolutional neural network; DNN: deep neural network; SNN: spiking neural network; DLNN: deep learning neural network; PGNN: physics-

guided neural networks and DONN: drop-out neural network
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