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Research Progress on Prediction Methods of Creep Fracture Life
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Abstract: Creep fracture refers to the continuous deformation of materials under constant stress until fracture failure, which
is one of the common high-temperature mechanical faults in alloys. The creep life determines the effective service time of
materials, and it is very important to predict the creep life of materials. In this paper, the methods for predicting creep
fracture life, including traditional theoretical calculations, using acoustic emission techniques, and more recently using
informatics tools such as machine learning methods are reviewed. The advantages and problems of these methods are also
discussed. Aiming at the possible problems, the new methods and techniques for creep life prediction are prospected from
the point of view of data science.
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Fig.1 Comparison of Inconel 740 and 740 H creep fracture prediction curves with experimental data using time-temperature
parameters, using a short-term data set £,<5 000 h ; The dotted line is the boundary between short-and long-term experimental data™
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Fig.2 Comparison of the creep strength curves predicted by the
unique C and multi C methods at 950 ‘C™
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Fig.6 AE events N(t) over the creep experiment; AE energy E(t) over the experiments
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Fig.9 Neural network fatigue life prediction results at 1 000 C and 1 100 ‘C*!
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Fig.13 Models for four target features with the highest R2 score

14 B2
Fig.14 Feature importance ranking based on correlation*”

[1] TANEIKE M, ABE F, SAWADA K. Creep-strengthening of steel

[34] at high temperatures using nano-sized carbonitride dispersions[J].
: Nature, 2003, 424:294-296.
3 [2] . M. ,2002.
[3] POLLOCK T M, TIN S. Nickel-based superalloys for advanced
s turbine engines: chemistry, microstructure and properties[J]. Jour-
s nal of Propulsion and Power, 2006, 22(2): 361-374.
[4] , .304H
’ [J1. ,2021, 2: 60-63.
o s

[5] CUIL, YU, LIUJ, et al. The creep deformation mechanisms of a
’ newly designed nickel-base superalloy[J]. Materials Science and
’ N Engineering: A, 2018, 710: 309-317.

N s [6] SHIN D, YAMAMOTO Y, BRADY M P, et al. Modern data ana-
lytics approach to predict creep of high-temperature alloys[J]. Acta
Materialia, 2019, 168: 321-330.

[77 YUE L A, JW A, ZW B, et al. Predicting creep rupture life of
Ni-based single crystal superalloys using divide-and-conquer ap-

o proach based machine learning [J]. Acta Materialia, 2020, 195:
(Long Short-Term Memory, 454-467.
LSTM) [8] DANG Y Y, ZHAO X B, YUAN Y, et al. Predicting long-term
creep-rupture property of Inconel 740 and 740H[J]. Materials at
High Temperatures, 2016, 33(1): 1-5.
° ’ [91 MARUYAMA K, ARMAKI H G, YOSHIMI K. Multiregion anal-
. (LSTM)

, Journal of Pressure Vessels and Piping, 2007, 84(3):171-176.

ysis of creep rupture data of 316 stainless steel[J]. International

[10] BOLTON J. The potential for major extrapolation of creep rupture



«252-

FOUNDRY TECHNOLOGY

Vol.43 No.04
Apr. 2022

[12

[13

[14

[15

[16

(7

[18

[19

[20

[21

—

]

]

[}

]

]

]

[t

—

]

—

—

and creep strain data[J]. Materials at High Temperatures, 2014, 31
(2):109-120.

BOLTON J. Extension of: Reliable analysis and extrapolation of
creep rupture data[J]. International Journal of Pressure Vessels and
Piping, 2019, 172: 348-359.

KIM W G, YIN S N, LEE G G, et al. Creep oxidation behaviour
and creep strength prediction for Alloy 617 [J]. International
Journal of Pressure Vessels & Piping, 2010, 87(6): 289-295.
MURAKAMI S. Notion of Continuum Damage Mechanics and its
Application to Anisotropic Creep Damage Theory[J]. Journal of
Engineering Materials & Technology, 1983, 105(2):99-105.
MACLACHLAN D W, KNOWLES D M. Modelling and predic-
tion of the stress rupture behaviour of single crystal superalloys[J].
Materials Science & Engineering A, 2001, 302(2): 275-285.

FENG L, ZHANG K S, ZHANG G, et al. Anisotropic damage
model under continuum slip crystal plasticity theory for single
crystals[J]. International Journal of Solids and Structures, 2002, 39
(20): 5279-5293.

PRASAD S C, RAO 1 J, RAJAGOPAL K R. A continuum model
for the creep of single crystal nickel-base superalloys[J]. Acta Ma-
terialia, 2005, 53(3): 669-679.

PRASAD S C, RAJAGOPAL K R, RAO I J. A continuum model
for the anisotropic creep of single crystal nickel-based superalloys
[J]. Acta Materialia, 2006, 54(6): 1487-1500.

VLADIMIROV I N, REESE S, EGGELER G. Constitutive mod-
elling of the anisotropic creep behaviour of nickel-base single crys-
tal superalloys [J]. International Journal of Mechanical Sciences,
2009, 51(4): 305-313.

AFEDELICH B, EPISHIN A, LINK T, et al. Experimental charac-
terization and mechanical modeling of creep induced rafting in su-
peralloys[J]. Computational Materials Science, 2012, 64: 2-6.

KIM Y K, KIM D, KIM H K, et al. An intermediate temperature
creep model for Ni-based superalloys [J]. International Journal of
Plasticity, 2016, 79: 153-175.

LEOCMACH M, PERGE C, DIVOUX T, et al. Creep and fracture
of a protein gel under stress[J]. Physical Review Letters, 2014, 113
(3): 038303.

LIN J, LERNER E, ROSSO A, et al. Scaling description of the
yielding transition in soft amorphous solids at zero temperature[J].
Proceedings of the National Academy of Sciences, 2014, 111(40):
14382-14387.

(23]

[24]

LEMA I TRE A. Structural relaxation is a scale-free process [J].
Physical Review Letters, 2014, 113(24): 245702.

KOIVISTO J, OVASKA M, MIKSIC A, et al. Predicting sample
lifetimes in creep fracture of heterogeneous materials [J]. Physi-
cal Review E, 2016, 94(2): 023002.

[25] VIITANEN L, OVASKA M, RAM S K, et al. Predicting creep fail-

ure from cracks in a heterogeneous material using acoustic emis-
sion and speckle imaging[J]. Physical Review Applied, 2019, 11
(2): 024014.

[26] LENNARTZ-SASSINEK S, MAIN I G, ZAISER M, et al. Acceler-

ation and localization of subcritical crack growth in a natural com-

posite material[J]. Physical Review E, 2014, 90(5): 052401.

[27] MUIR C, SWAMINATHAN B, ALMANSOUR A §, et al. Damage

(28]

mechanism identification in composites via machine learning and
acoustic emission [J]. npj Computational Materials, 2021, 7 (1):
1-15.

ZHANG M, SUN C N, ZHANG X, et al. High cycle fatigue life
prediction of laser additive manufactured stainless steel: A ma-
chine learning approach[J]. International Journal of Fatigue, 2019,
128: 105194.

[29] VENKATESH V, RACK H J. Neural network approach to elevated

temperature creep-fatigue life prediction [J]. International Journal
of Fatigue, 1999, 21(3): 225-234.

[30] YOO Y S,JO CY,JONES C N. Compositional prediction of creep

rupture life of single crystal Ni base superalloy by Bayesian neural
network [J]. Materials Science & Engineering A, 2002, 336(1-2):
22-29.

[31] VERMA A K, HAWK J A, BRUCKMAN L §, et al. Mapping Mul-

[32]

[33]

[34]

tivariate Influence of Alloying Elements on Creep Behavior for
Design of New Martensitic Steels[J]. Metallurgical and Materials
Transactions A, 2019, 50(7): 3106-3120.

WANG J, FAY, TIAN Y, et al. A machine-learning approach to
predict creep properties of Cr-Mo steel with time-temperature pa
rameters [J]. Journal of Materials Research and Technology, 2021,
13: 635-650.

BISWAS S, FERNANDEZ CASTELLANOS D, ZAISER M. Pre-
diction of creep failure time using machine learning[J]. Scientif-
ic Reports, 2020, 10: 16910.

HE L, WANG Z L, AKEBONO H, et al. Machine learning-based
predictions of fatigue life and fatigue limit for steels[J]. Journal
of Materials Science & Technology, 2021, 31: 9-19.



