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ABSTRACT In materials genetic engineering, data-driven machine learning techniques have garnered significant attention as a
powerful new tool in the field of magnesium alloys. Traditional empirical trial-and-error methods and those based on density functional
theory have struggled to keep pace with the continuous advancements in material science needs owing to high time costs and low
efficiency. By relying on statistical methods instead of solving physical equations, machine learning can quickly predict material
properties at a low cost, provided the connection between descriptors and target properties is identified. This capability can streamline
the experimental process. Magnesium and its alloys show tremendous potential in aerospace, automotive, and other fields owing to their
low density and high specific strength. However, their industrialization has been limited by several challenges, including the varied
effects of different alloying elements, preparation and processing defects, deformation difficulties, and the common trade-off between
strength and ductility. Machine learning can accelerate the discovery of novel magnesium alloys or processing parameters, and explore

the relationships between their physicochemical characteristics and target properties. This paper comprehensively and systematically
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reviews the research progress of machine learning applications in magnesium alloys. It introduces the basic processes and various
methods of machine learning, including data set collection, data preprocessing, model building, and performance evaluation. The
classification of machine learning algorithms is summarized briefly. The paper then focuses on the research achievements of machine
learning applied in many aspects, such as machining processes, microstructure, mechanical properties, corrosion resistance, hydrogen
storage properties, intrinsic properties (reinforcement mechanism, anisotropy, etc.) and inverse design. Factors such as alloy
compositions, test temperature and time, second phase, and Schmid factor can be considered as features and input into machine learning
models for training. These models not only accelerate the design of novel high-performance magnesium alloys but also enhance the
understanding of magnesium alloy mechanisms. Additionally, the paper analyzes some urgent issues in the research and application of
machine learning in magnesium alloys. These include insufficient prediction of the chemical and physical properties of magnesium
alloys, the nascent stage of predicting the design and service performance of magnesium alloy components, and the lack of high-quality

data sets. Finally, the paper proposes future research directions and development trends in the application of machine learning in

magnesium alloys.

KEY WORDS machine learning; magnesium alloy; performance prediction; alloy design; data-driven
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Fig.4 Process and results of ML for predicting mechanical properties of biomedical magnesium alloys: (a) training and prediction process of the ML
model, and prediction results of the best ensemble model: (b) UTS; (c) YS; (d) ELHY
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Table 1 Application of machine learning to predict the mechanical performance of Mg alloys

Materials

Input Model

Output

AZ31 alloy!™

Alloy compositions: Zn, Al, Mn, Ca, Si;
homogenization temperature and time; extrusion

temperature, ratio and speed; rolling temperature, ANN
reduction and speed; annealing temperature and SVM
duration; angle between loading and processing
direction

Ultimate tensile strength (UTS)
Yield strength (Y'S)
Elongation (EL)

Mg—Al-Zn alloys“”

Al content; aging temperature and time;
discontinuous and continuous precipitates; average ANN
grain size; the maximum pole intensity of the basal DT
planes; Schmid factor for basal slip

Tensile yield strength (TYS)
Compressive yield strength (CYS)

Mg-Al-Zn—-Mn—-Ca-Y
alloys™*"

Alloying elements: Al, Zn, Mn, Ca, Y; extrusion

temperature
Average grain size; fraction of solutes; secondary ANN
particles; the maximum pole intensity of the basal

Tensile yield strength (TYS)
Ultimate tensile strength (UTS)
Fracture elongation (FE)

planes; Schmid factor for basal slip

RR
Alloy compositions: Mg, Zn, Y, Nd, Zr, Gd; SVR . .
Mg-Zn—(Y, Nd, Gd)-Zr homogenization temperature and time; extrusion GBDT Ultlmat§ tensile strength (UTS)
44 . . . Yield strength (YS)
alloys temperature and ratio; solution temperature and time; RF .
. . Elongation (EL)
aging temperature and time CB
GPR
ANN
ZE20 alloy™*” Deformation temperatures; strain rates GEP True stress
MPCR deformation pass; the position of
M 6] . o : ANN .
g alloys measurement in three-dimensional Cartesian GAN Vickers hardness (HV)
coordinates (x, y, z) s
BP-ANN
AZ31B alloy™” Strain; strain rate; deformation temperature GABP-ANN Flow stress
CFBP-ANN

Ultimate tensile strength (UTS)
Yield strength (YS)
Elongation (EL)

Alloying elements: Zn, Gd, Y, Nd, Ce, Zr; extrusion
temperature and ratio; solution temperature and time; SVR
aging temperature and time

Mg-RE alloys™**!

Severe plastic deformation method: PTCAP, ECAP, ASI;IZI;S Ultimate tensile strength (UTS)
ZK60 alloy™”! HRDSR; severe plastic deformation pass; severe GEP Yield strength (YS)
plastic deformation temperature GP Failure elongation
AZ61 alloy™ Stress; strain Linear regression Yield strength (YS)

Elastic modulus

Linear regression
Alloying elements: Al, Sn, Zn, Ca, Mn; aging SVR
BPNN
XGBoost

Mg-Al-Sn—-Zn—Ca—Mn

alloys®" temperature and time Vickers hardness (HV)

AZ81 alloy®™ BP-ANN Flow stress

Note: ANN: Artificial neural network; SVM: Support vector machine; DT: Decision tree; RR: Ridge regression; SVR: Support vector machine regression;
GBDT: Gradient boosting regression tree; RF: Random forest; CB: CatBoost; GPR: Gaussian process regression, GEP: Gene expressing programming;
GANSs: Generative adversarial networks; BP-ANN: Back-propagation artificial neural network; GABP-ANN: Genetic algorithm-optimized back-
propagation artificial neural network; CFBP-ANN: Cascade-forward back-propagation artificial neural network; ANFIS: Adaptive neuro fuzzy inference
system; GP: Genetic programming; BPNN: Back-propagation neural network; XGBoost: eXtreme gradient boosting.

Strain; strain rate; deformation temperature




- 1804 -

TRERHEZR, 5 46 4, 55 10 ]

HAR A HLER 2= S IR AR A AR R 5T 1 — - 3R
RS HRER. AR, Mlde s > Bk C A ik B
A4 R AT R B9 A 1 T2 P, Pagadala %5 B 3
F Nyquist Al Bode 1 100 4545, DA shHL((PD)
WAL 4 5400 4B A5, 2R H XGBoost £5 11 Xf AN [
Sn i 53 1Y Mg—Sn G 4 7E A5 4D A TR AN (] 32 96 1 []
A AT A BEAT T I AR i S A
B2l T Nyquist €. PD K A1 Bode &, 5 52 5 %%
P52 th L) & 5 af, aniEl 5 TR 45 R R,
XGBoost 152 7 T il J& ot 3 2 7 T2 A 5 14 HE A
P, Mg—5Sn & 4 H AT fe 4 A s kP 5. ML 38 2o 93
I35 SR A R 1 A5 Bl A B TR e BLR, A Bl T
DSy BF (] [R) s Bl T B A R 2 R Y
BB fE, 25 S UE B T ML AR B A T AL A 4 )8
AT T R .

IAh, Moses 5557 3 T 865 4 11k 27 i3 (AL
Zn, Mn, Si, Fe, Cu, Ca, Sn), >k /] Linear regression,
DT. Extra trees (ET). RF, KNN., XGBoost #1 ANN
7 FPAIL AR 2 2 AR oy 3 W T A A Y e g
9 B RS oL 07, 45 A SHAP A ¥LAL T R B &

B b ) N S B A5 R W] AL T R kR R
R 1IN 5 ) e K, Zn W AR BE B 4 ol Fl o7
4 82 ) e 35 Lu A 5% 08 JH 5 8 oy AN 3R 35
(RS T W BEE) TUI 17 I8 o e o7 0 I o it O 6 2
FLAX T RF 45 4 Rl ae 52~ 533k, RE RGA R BLH
R AER A TN O T PR AR Az (L RE JT, AT TRE
e B i I B 8 O T R BRR AL, SRR A
R Al AS JRy BR T 45 2 1 Ak o, I Bk 1
B BB AT O B B P R AT AT P I S AR R A]
T ACE G o3, BT IE & A 1R PR 358 14 i s
B i Pt 1 O TR LA
2.1.3 fEAMERE

SREAE Oy — Rt 5 oA ) MIRE
JE i i 2k R IR 52 BT Tz S TP il 4
AR K e R SRR N B S B, T I 2 A
it S A 0 (RS, B oy T B i R A i (TR
M0 FIE 7.6%, BN R IR AT B A% SR
Z—. W T A S BRR E , W B T
22, F BT 4R A I AT B 2 SRR TR TR
RN PR R b 2 S o7 3k 3 A LE A8 T ) S5 B

(@) 250} 200 200 F
& 200 F & 150 F a
5 1s0} 5 150t
G G 100f ]
< 100} = = 100 f
5 S0t 2 50}
NE ot — Experimental 24 h NE — Experimental 48 h NE s0r — Experimental 72 h
50t — Predicted 24 h Ll p— Predicted 48 h ot — Predicted 72 h
L . . L L . L L S50k L L L L L L L L L L N
100 200 300 400 500 600 700 800 100 200 300 400 500 600 100 200 300 400 500 600
Zpea(Q-cm?) Zyea (Q cm?) Zpea(Q-cm?)
® ] .
g 371 g 3.0 g
% 7 35t ¢
2 < 4ol 2
> > >
= -5t = 45} =
< < <
E g sop E |
% —6 r— Experimental 24 h % —5 5 — Experimental 48 h % e Experimental 72 h
~ 21— Predicted 24 h &~ —6.0 | — Predicted 48 h ~ — Predicted 72 h
—7Fk _8 L
-0.3-02-0.1 0 0.1 02 03 -0.3-02-0.1 0 0.1 02 03 -0.3-02-0.1 0 0.1 02 03
Current density/(A-cm ™) Current density/(A-cm ) Current density/(A-cm?)
© ol — Experimental ot — Experimental U — Experimental
= — Predicted ~ — Predicted o — Predicted
= = & -10r
5 3 1o k=
. . 2
g
< < 2 30
= = 30} =
40 40
40 45 50 55 60 65 40 45 55 6.0 65 40 45 50 55 60 65

Frequency/Hz

Frequency/Hz

Frequency/Hz

Bl5S Mg-5Sn 7EEil 24 h, 48 h il 72 h R AU ARSI A5 50, (a) Nyquist 25285 (b) SHHLAIAEH; () Bode 4522
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