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Table 1 Multiaxial fatigue experimental data of as-built LPBF Ti6 Al4V specimens

PIIIE-A T 6. (MPa) e (Y 7. (MPa) 7. (%) Ovtises (MPa) WS FH (2N,
Axial 332 0. 302 0 0 332 20780
Axial 223 0. 203 0 0 223 53990
Axial 191 0.174 0 0 191 93952
Axial 191 0.174 0 0 191 36668
Axial 140 0.128 0 0 140 818690
Axial 100 0. 089 0 0 100 6981714

Torsion 0 0 603 1. 447 1044 498
Torsion 0 0 443 1.061 767 15708
Torsion 0 0 312 0. 749 540 36558
Torsion 0 0 283 0.679 490 28924
Torsion 0 0 267 0. 640 462 57500
Torsion 0 0 214 0.512 371 159194
Torsion 0 0 192 0. 460 333 253442
Torsion 0 0 191 0.458 331 286220
Torsion 0 0 185 0. 443 320 236442
Torsion 0 0 185 0. 443 320 469430
P 234 0.213 135 0.324 331 35236
P 233 0.212 134 0.322 329 43916
P 135 0.123 78 0.187 191 355618
P 135 0.122 78 0.186 191 144922
P 60 0. 054 104 0. 249 190 626392
P 133 0.122 77 0.185 188 191602
P 109 0. 099 63 0.151 154 2803040
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Table 2 Multiaxial fatigue experimental data of machined LPBF Ti6 Al4V specimens

gk A% 6. (MPa) e (%) z, (MPa) 7. (%) Ortises (MPa) P2 55 F5 4w (2N )
Axial 350 0.319 0 0 350 87246
Axial 268 0.244 0 0 268 170240
Axial 205 0.187 0 0 205 246796
Axial 204 0.186 0 0 204 193132
Torsion 0 0 645 2.003 1117 72
Torsion 0 0 551 1. 249 954 3098
Torsion 0 0 415 0.976 719 23650
Torsion 0 0 350 0.823 606 57668
Torsion 0 0 350 0.823 606 113380
Torsion 0 0 262 0.617 454 155366
Torsion 0 0 210 0. 494 364 530916
P 376 0.342 217 0.511 532 2098
P 376 0. 342 217 0.511 532 23380
P 283 0. 257 163 0.384 400 48844
P 213 0.194 122 0. 288 300 222850
P 163 0.148 94 0.221 230 3623270
OP 475 0.433 274 0. 645 671 13304
OP 300 0.273 173 0. 407 424 46200
OP 268 0.244 155 0. 365 379 54046
oP 205 0.187 118 0.273 289 574256
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Fig. 2 The schematic diagram of data-driven machine learning model algorithm

ANN R R ] £ 22 4 3 e 45 0, BB 15 2% )
AFHIE 54 A B 22 A AE R OC R 3l T e 4
B A0, RF AL o 48 B 2 A P 5% A g 5 75
mEs . BA Rz ere it A fe h  tHGE
FH T AF B PR 40 BT, SVR 780 5 T 2% sR 5 52 90 v
YRR AR 25 R 0 B ST S A2 /NREAR 2 ) h R R E Ll
TR w2 T o BN 1 [ 3 AR, = S 8
AR T ELAR A o7 HLBRG i ad A B S
6 AR R A R AT 75 i TN AR SC BT R 080 K s A
[ ELR B 2 B R A 5 FE I S A v,

2.2 HIE-MIERMARIER
F T B — 03l 0K 20 5 TR A K A R AR i DL 5

AL EE A A YN G5 5 3 %65 T 9 55 ) R 1 o 22 il g 57
[ 3T 5 AR A ok o ) S AR G A o AR K B A
RULE W) B — SOV 5 /MR A TZ AL D7 T U 0 LAl 2
TR 55K B A SCER 5 25 R T S B Y
AT DA B A% G A 7 (1 UG 0 A% B, T S o 45 R it
B Mises S5 800 1, I DA GTH 9% 97 75 i A4 g S 4
Y fE B. M b 5 Fatemi-Socie, Smith-Watson-
Topper %5 £ MLl 5 18 7 U AH 1L . Mises 4§ 240 g 1
SRR R v H AN AR A5 S 4 R 2 88, TE DR IR ) 3
— P Y A I SRR AT S AR S L AN R
) J5 0 92 56 B 58 AR AE T Basquin #2828, JF
fi HHORE R 5 I M R R AE AR SCTE A5 i i B sk B



¢ 576 - W g 22 4l

2025 42 46 &

Basquin B8 DL 155 5 204 ok IR A — 2otk I8 8 1%
745 iy TN 45 28 Ay B A A R 0 g AR AIE R AR
SR RHIE 57 2 BORT 58 5 SCHR AR A R B 7
B b TR A b 22 T AR T LSRR AE
TR A BRI A 2k ek ROR ) PR R AR
2 o 245 25 A TR 1) B - B S O 0k TR 5 A
i TN 3 Ao R ) ST S L o R AT RS R S BT
INEAR A T BRI ZRBOR Y 3T B 3 DL 22 K
ZRRAL AR SRR T IX =R B - B R R
BRI ZHE . T Ok o X sk = iR L B A R AT 18—

I 4.

(1) P 3f5 SRR E LA

7 18 3 92 56 Kl 19 T AR IR A SCHIER Y
P (5 B F 2R A 2T Mises S8 &L J7 i 11 0]
F 5 57 77 i CANIAT 3 Ca) BT 7R ) A G R A1 T 7% 36 4K
i 28 30 A A A5 5 Ak P 7 Tk DR 46 BN Hh R B S
AL CAN A T 25 L W E 3R 43 46 R I RE 8 3R
HEIRE 5547 4 B SR AR, SR X 2R 7R AEAE 2 M 1 41 L
DAL L S R 2 57 403 1 O M DA S W O 2 I 48 2% A
N S AR AR AL AR LLZ R A R AE T
2 (Physics-informed Feature Engineering) | 3 F
FARE 32 o i B AR JUHL o ) B (I Mlises 25 800
J7 IV AR BE B AR H A 5| A RRAE A i AR R Y
FET& TR ) B AT i R L L (A A B B A )
>J B 45 1 8 A 1Y A Jo KL

X5 T ALTERAE 2 T 5] AP B B R
SR ZRA B 52 o DO TR AR SCrb ) BRE RRRAE T
FEJ7 3545 WA F ANNLRF F1 SVR B AL . i i 45
#4313 & PF-ANN,PF-RF fil PF-SVR.

(2) 5 AWy BAE S 35 A 451 2% bR AL

A1 2K 1R R HHIE IR S 5 AR 1) o 2 ) 4 A A
R B b g — AR B, H ke s A R RLASUER A9 G AL
51w A% G2 1 SCHE K 20 455 B v A 4 2R eR RO A
#1777 1% 22 (Mean Squared Error, MSE) FI3 34 4 X
%% (Mean Absolute Error, MAE) 4. X S6pR 2 £
Ay e A Y T £ 2R 5 S B W 0 B = T A HR(E 1R
2. SR TEUS S A2 % W 3L ok e B (N 22 il % 55
i IO ) F [ 850 e A S A0 22 S A R 245 5
TEAE 2 5 BB RL I 45 2R ke = ) B — Btk U HAE

HOHE o3 A i SO B R A R AR R T O .
F e R EIRN R AR AR T A B R
PR (Physics-informed Loss Functions) [ B 48, H
RO TE T AL GO 9K 3 451 2 B il b RS ST
PRI Y AR T 3 28 Oy ki ek Wk R Sl SRR b R
A1 B BRI -4 g | AR s B0 M 5 B
b R FEABE TS, AT I AL T Mises 45500 /)
- fii U 45 2R A ) AR ST 0T Can = (2) s T LAY
9% 57 75 i T 5 b A ) B — EvE H AR AR A
RUTEFE RS 2 55 40 B A PR =2 () BUAS 5 A AN A
Loss=(N,.— Ne)’ ta(N,,— NY=) (2)
For s Ny g BERY TR+ N, 0SB AR 5 N O Bk
T Mises &840 J1 WA 15 ) 19 9% 55 75 i {6 s « M5
TR FEAS SO 80 X6 il ik, B 0. 025.
X5 TRV R R BRI G A YRR R
s 9 AL Y B 1) A% R AL A G B GE T
FLA i B i I R 235 0 1 A 8 I R BT AR AR S L )
PG AR R BT AL ANN BB 25 5, 5%k iy 5
12 A PI-Loss.
(3) Yy PfE B AR 2= M 22 M 2%
1% 55 1 225 I 24 A (8] 9 350 0 4F: 55 v, 3R A
Wt A A AL Gl HE S 2 DR AR L
T B0 9 B A A i S5F . 8K T 3 288 495 19 1 1 1O K i
NSRBI » . 55 52 16 2 T 2% B30HR e 9] R A 532 ) 7R
JZ 9 2% v A R I Z AS R Ve AZ A PR BB AL 22
ASSCHY AT — T ) B A R 5K 22 Bl 22 [ 4% (Phys-
ics-informed Residual Neural Network, PI-Res).
W 3Co) FrR  IZA AL ) B 29 AR B A 22
LR I kR 22 1 H DL R TN 2R Ra e k. 1M
2R K 22 S5l i B VAR 45 5 Mises S5 8500 1
152 W92 57 A A (EAE Y B e A5 2 L B B
%22 I AR BN 23 32 . 5 32 2% 3 W] 2 5 1 25
(R TR0 A 2 > B4 R E 4 ) B A 15 B o 5 4
[ ) — Sk
NES = N g, 1 N (3)
Loss=(NR-N )" 4)
FErf s N R 550808 5K Sl 455 700 J 0 245 51 L NG o ) LS
SR 2% % i Ja A AR T I 4



MBI FETEE-Y IR RS O IR Ti6 A4V 2 Bl 55 A7 fir U BT 52 < 577

N SHFE o, 7,
N AEAFAE e, v,
ZHMBAARFE 2, ¢

4 iscs:«/o‘:+3ri
YIRS BAE

Mises ___ ! b

f - U/ (UM|ses)

(a) Y35 BAFAE T2

(a) Physics-informed feature engineering

Loss=(N,,—N,,)’+ AN,,—N/™)

BL HFE o, 7,
BIAEHFE e, 7,
ZHBAAFE A,
PIBRAR BRI Ovies

(b) PyERfE B2k R

(b) Physics-informed loss functions

L SIHFAE o, 7,
RIAEHFAE e, 7,
ZRBAAFE A, @
YIS BARAE Owises

(c) WP B3k 2% i 4

(¢) Physics-informed residual neural network

B3 Wy A5 BB SRS B R R R R

Fig. 3 The schematic diagram of physical information data-driven model algorithm
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prediction performance
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A Data-Physics Hybrid Approach for Multiaxial
Fatigue Life Prediction of Ti-6Al-4V Alloy

Xingyue Sun' Yunyu Liu' Yu’e Ma' Weihong Zhang’
(! School of Aeronautics, Northwestern Polytechnical University, Xi’an, 710072)

(*School o f Mechanical Engineering . Northwestern Polytechnical University . Xi’an, 710072)

Abstract With the increasing deployment of additively manufactured Ti-6 Al-4V in aerospace and oth-
er high-performance structural applications, reliable prediction of fatigue life under complex multiaxial
loading has become essential for safe design and lifecycle management. However, conventional data-driven
approaches often lack predictive accuracy and physical consistency on small datasets and non-proportional
multiaxial stress states, limiting their generalizability and interpretability. To address these limitations,
this work computes the Mises equivalent stress directly from experimental loading histories and incorpo-
rates a Basquin-model-based theoretical fatigue life as prior physics knowledge. Building on this prior, we
propose a residual connection-based physics-informed neural network (PI-Res) that learns only the data-
driven residual relative to the theoretical life, thereby merging mechanistic fidelity with statistical adapta-
bility. Using laser powder bed fusion (L-PBF) Ti-6Al-4V as the case material, we conduct a systematic
comparison against representative purely data-driven baselines—artificial neural networks, random forests,
and support vector regression—as well as three canonical data-physics fusion strategies: physics-informed
feature engineering, physics-informed loss functions, and physics-informed residual connections. Across
multiaxial loading scenarios and distinct life regimes, the PI-Res framework consistently demonstrates su-
perior predictive accuracy alongside stronger adherence to physical trends implied by the stress-life rela-
tionship. Moreover, by anchoring the learning process to a mechanistic prior and delegating only the unex-
plained variance to the network, PI-Res improves robustness under data scarcity and enhances interpret-
ability of model behavior. These findings indicate that residual-style injection of domain knowledge offers a
principled pathway to reconcile small-sample constraints with mechanistic coherence in fatigue modeling.
Practically, the proposed approach provides a reliable tool to support fatigue life assessment, design mar-
gins, and maintenance scheduling for additively manufactured components. Theoretically, it illustrates a
transferable physics-data fusion paradigm that can be extended to other material systems and generalized
multiaxial fatigue problems where integrating prior physics with flexible learners is crucial.

Key words multiaxial fatigue, life prediction, Ti-6 Al-4V, physics-informed, machine learning
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Table A1 The hyperparameters of data-driven models and data-physics hybrid models
H5 Y [EE 2 HAH
ANN W 445 J2 4K 5
P22 0B 7-64-32-16-1
O R AL RelLU
SVR 1% R AL 1 17 3 R 5K
ENES5C 100
gamma 24§ 0.1
epsilon ZH 0.1
RF TR B 100
B KR 2 10
PF-ANN I 2% 2 4 5
P22 0B 8-64-32-16-1
WO o AL RelLU
PF-SVR 1% R B 72 1) i e A
ENfE S5 C 100
gamma 24§ 0.1
epsilon ZH 0.1
PF-RF R SR B 100
Fe KR 2 10
PI-Loss I 2% 2 3L 5
2 T6 4 B 7-64-32-16-1
T PR AL LeakyRelLU
PI-Res R 4% )2 %5 5
2 T6 A B 7-64-32-16-1
P PR AL LeakyRelLU

M5B E#EE Ti6AUV #HRESSH

XS AR SCRT R TG Basquin A2 RIAE Ay B3 06 15 8L 3 T SOk o a7 SR T A b1 R 55 2 o 3
Bl iR,
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Table Bl The hyperparameters of data-driven models and data-physics hybrid models
MRS E Ti6 Al4V As-built Ti6 Al4V Machined
P57 1 B F A (MPa) 3359 2994
W 55 % B 35 —0.241

—0.198






