55 10

wmasRMRNEIE Vol.55, No.10
2026 4F 10A RARE METAL MATERIALS AND ENGINEERING Oct. 2026

https://doi.org/10.12442/j.issn.1002-185X.20250385

2% STHENET SR A Tizr RS A S8
RS R

T o, NRF, BEF, H¢F, Ly, Bz, 3 #

(B TRER S 2RI 5 22 VEITAG B R PSR IR AR G, Wl A 50E 050000)

W OE. HEWR. BURSREE R AR S TiZe Rl &4, RIURTE S HOSC T P VB E BB 2 32 0. A
WAL TIN5 S TR BT RS S o it RRMr SR MM E R KR, RIMG&RH 8. BRI FHEH
XA AR IR S BER, $E A TR AL R AR 43 R S ORGSR R R AE IR 15 AR IE B B, SRR 157 216 Bl B A8
K 8 P L RULAR 2 IR (BENLARAR . KT, SCREMENIE) BEAT LR, SRR SR A B A8 UIRE, ik Bk
FE A R TR Y, 0 B AT R B PEMEZE  (Shapley additive explanations, SHAP) #7485 E STlRHLA] . 455 %, XGBoost
(extreme gradient boosting) L UM & s, W RERTIEHN0.73, TIILT F /R E R 14.0%, BEWRE (AH, ) Nb
TEREE. FEFGHRR (O RYmaSMlENRFERER, MERNEGRDRMIEREE. BFEREIUTR 3EE,
REAE T AMEE RO Fe M BEALAG I OCHE, 12 T7E 9% O TiZe R & 2 1 R SO BiEst, B uE 1 LS 23 78 i 35 5 40

B E K LY .
FIE: MUBSSS): ma 4 AT, AR
FEESES: TG139 XERARIRAD: A

XEHS: 1002-185X(2026)10-2629-10

il

1 5

DU TR o8 AR R 1 e B4 R i
B R A IIE B RE . ARG A RHI T Bl & A
<& E THT I BT A5 T H AR I B B 5 1) e R B P RE AN
B o TUBNE B R A R 7 R R (H K
SRS R 5l R AT IE A G G 5 928 5 & S A AE vy
Tk REANE < W0 g i X DA a5 i 48 (v Y BRI A B
R GRS R . ERE R &
A < PR EL R 1 22 TR FRR I H R R v E LA
Jo BB (1 e i o B 5 — R AL SRR RER . £E) 2 T
Rl LR VRS & N e ol AR Wi l= 4 B
REWS S B & < MOV 25 1y 1 42, BE T D0 AL A4 R 2 25 5
Wi 7 PR BLR R MR RE . ORT, H AT S 5 el it
— SRR L AT SRR R ) A S, IR A% 4 A
TERIE AT < AN e, M A AL PRI A F 1 v R A i

B & AR 1A AR R AN SRR ) D
HLEs 22 S AEM BT U B Sk A BRI AL BRI
Hs , 290 s BRI R 2 0 AR PR TN AR RE
T 5 25 45 R HT ORI A 39 BRI A AR o Lee 551!

IS HEA: 2025-10-23

& H 1R U1 [R 9 B2 T A R 77 %2 (DISMAA) 3R B, AICoCrFe-
MnNi 14 F H AL Cr IR B 50808 2 EAH G, R To &
W T 50 AR B A 9%, #E AlICoCrFeMnNi /& &+,
558 R 9 P R R A Y NN > [Fe|>|Cr>|Al|>|Co|>[Mn|.
Wen Z5745 4 H1 88 2% 2 AR B AN S2 56 v 1F Sk i st
WS, TN A %) 42 Fh Al-Co-Cr-Cu-Fe-Ni & & 4 35
B 4 O TR P2 A v T U R B d S R R SR R AL, 17 PP 5 4
(R FEE L 11 25 K 3 4R v i) e KB BE R v 1 10% BA F .
Klimenko 55138 T3 K [m) & 3 5 4%, Tl 5 1) £ 19 B 1)
Al Cr,Nb, Ti,V, Zr,, & 4 75 2 I A s~ B A 50E 153
FE, FIB E 2R T B R AP e

TiZr R G &N HEEE SR G & & mmE .
BEUF O AE R | iR I REARE L R IR REAFHE S R RE AL
# . Huang %5V H] F BE WL AR bR 7 26 28 48 R 40 B 45 210
Nb-Ti-Zr BEALE 75 A3 RE 52 48K 11 3 A4S SCHEAFAE
N IR R S AP AR . ST SR Zr-Ti-
Nb-O G AF N AT 1AL VR 075 108 FH AR AIE
VT, AR & S 0502 NS R T
N A 2 S B VIR B 7 5 S5 IR 3R IR S I, A RS0 i A 98
P AR T 35 22 ] 43 A ) 10% A1 16% DL R o Li ZEMf

TEHBBN:Z i, B,1999 248 84, B4 TR RS o 25 R 1 5 22 4 MVl R RS2 56 o om i Pty , 3 b A K E 050000, E-mail :

sdgxy(@]126.com



* 2630

W] B RS TR

555 %

F XGBoost HiE N A Gt st 17— i 5 A 11 9 5 - 48
JRAE TR , 5% 2443 21 Ti,, V, Nb, Mo, & & R I H
Fr [ EEARYERE , KR8 J IR B2 T ik #) 149.55 kPam'/kg,
b %5 IR 1 L& & H 10.97%, e 46 B AR T 50%
A R SV ) e N T 28 0 24 25 S R b2 2 > T ¥ DA
5ANAH TR 2 BN AL 139 24080 9l 2148, 23 28 T
R B G 1 A A R A A K S B LA, o A
T A 28 I 2% S 1 N A R B DN 90.72%, £ i
A TR A KSR AR T ) DTk A 3 R TR A ke VB
INBY R RS ZE R B9 P R T [T R A T

JUEHLER S I & & Wi sk C R B H
FEHARMS AL F TR 5 P A A7 E B B A 7T
B 2 AR E R 2 e & R I R B R, 7R
B 2 R R e A (H I I RVE R B Tize R
T e 0 G 4 AR B TN VA 8 R o, ELEE 70% 1
ST 5 B o R S R VR AT S LB S B A 1
FAALH, SR T AR i — Bt DR, T AL
BB RIS SR A SR SRR RA

AHEFL B LER I BLES 5 2] 73, i Sr 5 B SR A
S PR FE () TRINASE B, 45 7 G 4 B P 1) 32 BLRZ e R 3R
DA% PR 35 TR) R 50 0% 2%, 4t 08 FH 1 80028 B TiZe &
e A 4 R R 0 T R R 45 S, R RE A E FAE A M
BHERESETHR AR 1R T %

2 MRERBSFHEE

2.1 HREEN

R A MR IR AR SR B2 LA ST SR
T RGF R SE R SR 0TI E AR S R R AR ANIE],
TR IR £ < O BE A2 A 4 T R AL B T 2 AR A
RMAEAE FEH B R A FIPE BRI DL N T R
R L Z AR R AR AELL IR 52, VR B R S % T
Detor!"*\ Hosseini* (1) £ 4 4t 1145 5% M 9at e b JE Xk I e
I < A28 BN 2 A PR A RS <, HRE AR ST 4
W ORI B TiZe RSB & SR . 456X
WAV WF 5 AT HIBIE 7T, Pk 1 2 70 45 < b AT RERY WA RHE
JEVERER S AR IES B, R 1 PR, TSR P4
ERE AL PAES iR NP5 S8

Horp, VEC, Ml ¢, 73 345 iy, 7O 2R 1A HL 7 HORI R 13K

R REFHEMIRTF
Table 1 Key feature descriptors
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Table 2 Basic parameters of elements

Parameter Hf Mo Nb Re Ru Ta Ti W Zr \%

VEC 4 6 5 8 5 4 6 4 5
Atomic radius/pm 144 130 134 128 125 134 132 130 145 122
Electronegativity/Pauling 1.33 2.16 1.60 1.90 2.20 1.50 1.54 2.36 1.33 1.63
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Fig.1 Visualization diagram of the distribution of characteristic parameters of the dataset
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Table 3 Principles and applicable scenarios of machine learning models
Algorithm Principle of operation Applicable scenarios
Rid An L2 regularization term is added to the linear regression loss Data with many features and strong feature
idge
€ function to prevent overfitting correlation
Adding the L1 regularization term to the linear regression loss . . . .
Lasso ) ) ) Feature selection or high-dimensional data
function yields sparse solutions
. o ) Scenarios where there is collinearity between
ElasticNet The L1 and L2 regularization terms are combined L .
features and feature selection is required
SVR The data is mapped to a higher dimensional space by a kernel Nonlinear relationships, small samples, or

RandomForestRegressor

DecisionTreeRegressor

BayesianRidge

KNeighborsRegressor

XGBRegressor

function to find the optimal hyperplane that makes the error within ¢

By voting with multiple decision trees, the variance is reduced and

overfitting is reduced

The feature space is recursively partitioned to select the optimal
splitting point
Based on a Bayesian framework, the marginal likelihood is

maximized to estimate the parameters

The target value is predicted based on the average of the nearest K

samples

The loss function is optimized by gradient boosting tree, and

regularization and pruning are added to control the complexity

high-dimensional data

Nonlinear relationships, high-dimensional
data

Data with high interpretability and nonlinear

relationships

Small sample data

Local patterns are obvious, low-dimensional

data

Large scale data, high dimensional features
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Fig.3 MAPE scores for the eight algorithms
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Fig.4 R*scores of the eight algorithms
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Table 4 Hyperparameter optimization specification
Model Parameter Meaning

n estimators

max depth

Random Forest ) )
min samples split

The number of decision trees, with a search space of [50, 100, 150, 200]
The maximum depth of a single decision tree has a search space of [10, 15, 20]

The minimum number of samples required for node splitting, with a search space of [5, 10, 15]

egressor min samples leaf The minimum number of samples required for leaf nodes, with a search space of [2, 4, 6]
max features The maximum number of features considered when a single tree splits, with a search space of ['sqrt', 0.7]
n estimators The number of trees, with a search space of [50, 100, 150, 200]
learning rate The learning rate and search space are [0.01, 0.05, 0.1, 0.2]
XGBRegressor max depth The maximum depth of the tree has a search space of [3, 4, 5, 6]
subsample The sample sampling ratio and search space are [0.6, 0.7, 0.8, 0.9]

colsample bytree

The feature sampling ratio and search space are [0.6, 0.7, 0.8, 0.9]
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Machine Learning-Assisted Design of Interpretable Models for TiZr-Based High-Entropy
Alloys Used in Armor-Piercing Applications

Luo Hao, Liu Tianyu, Wei Huanan, Gao Xingyong, Fan Feigao, Zhai Anqi, Liu Zhuo
(National Demonstration Center of Experimental Teaching for Ammunition Support and Safety Evaluation Education, Army Engineering
University of PLA, Shijiazhuang 050000, China)

Abstract: TiZr-based refractory high-entropy alloys (RHEAs), known for their high hardness, compressive strength, and thermal phase stability,
have garnered attention due to their potential application in armor-piercing warheads. This study introduced a machine learning (ML) -assisted
approach to alloy design, aiming to uncover the complex relationships between composition and performance and to improve design efficiency. To
address the critical requirement for hardness in armor-piercing applications, a 15-dimensional feature dataset was constructed from 157
experimental hardness data points, incorporating component molar fractions and five key descriptors. Eight ML models, including random forest,
K-nearest neighbors, and support vector machines were trained, and XGBoost was identified as the most accurate through hyperparameter tuning
via grid search and cross-validation. The SHAP (Shapley additive explanations) framework was applied to interpret feature contributions. Results
indicate that the XGBoost model achieves the highest predictive performance (R?=0.73, and the average absolute percentage error is 14.0%). The

most influential factors affecting alloy hardness are mixing enthalpy (AH,,), Nb content, and atomic size mismatch (). Effective hardness control
relies on the synergistic regulation of thermodynamic stability, electronic structure, and geometric dimensions, where inter-feature compensation
plays a critical role in optimizing overall performance.
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