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Abstract 

 

Fatigue and fracture are among the most critical failure mechanisms in engineering materials, 
governing the long-term durability, reliability, and safety of structural components across 
aerospace, automotive, energy, biomedical, and manufacturing sectors. Predicting fatigue life and 
fracture behavior remains a complex challenge due to the multiscale nature of damage evolution, 
the influence of microstructural heterogeneity, and the nonlinear interactions between loading, 
environment, and material response. This article presents a comprehensive review of fatigue and 
fracture prediction, covering classical empirical methods, analytical fracture mechanics, 
computational modeling, and emerging data-driven approaches. The study highlights the 
limitations of traditional models when applied to advanced materials such as composites, 
high-entropy alloys, and additively manufactured metals. It also discusses recent advancements 
in machine learning, digital twins, and multiscale simulations that are reshaping predictive 
capabilities. The article concludes with recommendations for future research aimed at improving 
accuracy, robustness, and real-time applicability of fatigue and fracture prediction in 
next-generation engineering systems. 
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I. INTRODUCTION 
Fatigue and fracture failures account for a significant proportion of catastrophic structural failures 
in engineering systems [1], [23]. Unlike static overload, fatigue damage accumulates progressively 
under repeated or fluctuating stresses, often at levels far below the material’s yield strength [1]. 
This makes fatigue particularly insidious, as cracks may initiate and propagate without visible 
warning until sudden fracture occurs. 

The increasing use of lightweight alloys, composite materials, additively manufactured metals, 
and complex geometries has introduced new challenges for fatigue prediction [21], [22], [24]. 
Traditional empirical methods, while useful, often fail to capture the microstructural and 
environmental complexities of modern materials [1], [23]. As a result, the field has shifted toward 
more sophisticated approaches that integrate fracture mechanics, computational modeling, and 
data-driven techniques [2], [7], [16]. 



 
International Journal of Core Engineering & Management 

Volume-8, Issue-06, 2026           ISSN No: 2348-9510 
 

2 

 

This article provides a full-length, structured examination of fatigue and fracture prediction, 
covering mechanisms, classical models, modern computational tools, and future research 
directions. 

 
 

II. FATIGUE MECHANISMS AND DAMAGE EVOLUTION 
Fatigue failure typically progresses through three distinct stages, each governed by different 
physical mechanisms. 
 
2.1 Crack Initiation 
Crack initiation occurs due to localized plastic deformation at microstructural features such as 
grain boundaries, inclusions, voids, surface roughness, and slip bands [1], [23]. Repeated cyclic 
loading causes dislocation accumulation, leading to microcrack formation. Surface conditions, 
residual stresses, and environmental exposure significantly influence initiation life [1]. 
 
2.2 Crack Propagation 
Once initiated, cracks propagate incrementally with each load cycle. The rate of crack growth 
depends on the stress intensity factor range \Delta K, material toughness, loading frequency, 
temperature, and corrosive environment [2], [6]. Crack propagation often dominates fatigue life in 
high-strength materials [1]. 
 
2.3 Final Fracture 
When the crack reaches a critical size, the remaining cross-section can no longer sustain the 
applied load, resulting in sudden catastrophic failure. Final fracture is governed by fracture 
toughness and the stress state at the crack tip [2], [6]. 

 

Fig.1. Crack Initiation, Propagation and Final fracture 

 
 
III. CLASSICAL APPROACHES TO FATIGUE AND FRACTURE PREDICTION 
3.1 S–N Curve (Wöhler Curve) Approach 
The S–N approach, also known as the Wöhler curve, links the applied stress amplitude to the 
number of cycles a material can withstand before failure. It is commonly used for high-cycle 
fatigue evaluations, the design of rotating components, and early-stage fatigue studies because of 
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its straightforward nature. However, it has important drawbacks: it does not capture crack 
initiation or propagation behavior, its predictions are strongly influenced by factors like surface 
condition and environment, and it performs poorly under variable-amplitude loading where 
real-world stress patterns are more complex. 

 

Fig.2. S-N Curve Method 

3.2 Linear Elastic Fracture Mechanics (LEFM) 
Linear Elastic Fracture Mechanics (LEFM) offers a core analytical framework for studying how 
cracks grow by describing the stress conditions at the crack tip using the stress intensity factor, [K 
]. The method assumes the material behaves in a fully linear-elastic manner and is most applicable 
to long cracks in brittle or semi-brittle materials, where plastic deformation is minimal and the 
fracture process can be accurately represented through elastic stress fields. 

 

Fig.3. Linear Elastic Fracture Mechanics 

3.3 Paris’ Law 
Paris’ law describes an empirical link between the crack growth rate, and the range of the stress 
intensity factor, [  Delta K  ]. It is a widely used tool for estimating the remaining fatigue life of a 
component once a crack has formed, making it central to damage-tolerant design philosophies and 
maintenance planning in fatigue-critical applications. 
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Fig.4.  Paris’ Law 

 
3.4 Coffin–Manson Low-Cycle Fatigue Model 
Used for high-strain, low-cycle fatigue where plastic deformation dominates. 

 

Fig.5. Coffin–Manson Low-Cycle Fatigue Model 

3.5 Limitations of Classical Models:  
Poor performance for short cracks, Limited ability to capture microstructural effects, Difficulty 
modeling complex loading histories, Limited applicability to advanced materials. 

 
 
IV. MODERN COMPUTATIONAL APPROACHES 
4.1  Finite Element Analysis (FEA) 
Finite Element Analysis (FEA) enables detailed simulation of stress concentrations, crack-tip fields, 
crack propagation paths, and multiaxial loading conditions [7]. Advanced extensions such as the 
Extended Finite Element Method (XFEM) further enhance these capabilities by allowing cracks to 
initiate and grow without the need for remeshing [8]. 
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4.2  Multiscale Modeling 
Multiscale fatigue models integrate atomistic simulations, crystal plasticity, and continuum 
mechanics to link micro-level deformation mechanisms with macro-scale material behavior [11], 
[12]. By capturing grain structure, defects, and local stress–strain responses, these models provide 
a more accurate representation of how microstructural features influence fatigue initiation and 
crack growth. 

4.3  Cohesive Zone Modeling (CZM) 
Cohesive Zone Modeling (CZM) simulates crack initiation and propagation through traction–
separation laws that represent progressive interfacial degradation [9], [10]. This makes CZM 
particularly effective for analyzing failure in composites, adhesive joints, and bonded or layered 
interfaces [24]. 

4.4  Probabilistic and Reliability-Based Models 
These models incorporate uncertainty in material properties, loading conditions, and 
manufacturing defects, allowing engineers to account for variability that can significantly 
influence fatigue and fracture behavior [13], [15]. Such probabilistic approaches are essential in 
safety-critical industries, where conservative and reliability-based predictions are required to 
prevent catastrophic failures [13]. 

 
 

V. DATA-DRIVEN AND AI-ENHANCED PREDICTION 
5.1  Machine Learning Models 
Machine-learning models such as neural networks, random forests, and support vector machines 
are increasingly used to predict fatigue life from experimental datasets, uncover hidden patterns in 
crack-growth behavior, and support real-time structural health monitoring [16], [18]. Their ability 
to learn complex, nonlinear relationships makes them valuable for enhancing accuracy beyond 
traditional empirical or physics-based methods [16]. 

5.2  Physics-Informed Machine Learning (PIML) 
Physics-informed machine learning (PIML) integrates governing physical laws with data-driven 
models, improving generalization, interpretability, and robustness compared to purely statistical 
approaches [17]. By embedding constraints such as conservation laws, constitutive relationships, 
or fracture mechanics principles, PIML produces predictions that remain physically consistent 
even in sparse-data or extrapolative scenarios [17]. 

5.3  Digital Twins 
Digital twins integrate sensor data, real-time monitoring, and predictive models to create a 
continuously updated virtual representation of a physical system [19]. By synchronizing 
operational data with computational predictions, they enable ongoing assessment of structural 
integrity and accurate estimation of remaining useful life [19], [20]. 
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VI. APPLICATIONS ACROSS ENGINEERING FIELDS 
6.1 Aerospace 
Fatigue prediction is essential for turbine blades, fuselage structures, and landing gear, where 
cyclic loading and harsh environments accelerate damage accumulation [1], [23]. 

6.2 Automotive 
Applications include suspension components, chassis structures, and engine parts, all of which 
experience variable-amplitude loading during service [1]. 

6.3 Energy Systems 
Fatigue affects wind turbine blades, pipelines, and offshore structures, where environmental and 
multiaxial loading conditions play a major role [13], [15]. 

6.4 Biomedical Engineering 
Fatigue prediction is critical for implants, prosthetics, and orthopedic devices, which must 
withstand millions of load cycles in the human body [23]. 

6.5 Manufacturing and Industrial Machinery 
Rotating machinery, pressure vessels, and robotic systems rely heavily on fatigue prediction to 
ensure long-term reliability and safe operation [1], [7]. 

 
 
VII. FUTURE RESEARCH DIRECTIONS 
Promising research directions include the development of AI-native fatigue prediction frameworks 
that move beyond traditional empirical models [16], hybrid physics–ML approaches that embed 
governing laws into data-driven systems [17], and real-time digital twins that enable continuous 
structural health monitoring [19]. Additional opportunities lie in advancing fatigue prediction for 
emerging materials such as high-entropy alloys and additively manufactured components [21], 
[22], as well as strengthening probabilistic fatigue design methods to meet the stringent reliability 
requirements of safety-critical industries [13], [15]. 

 
 

VIII. CONCLUSION 
Fatigue and fracture prediction remains a cornerstone of engineering design and structural 
integrity assessment. While classical models provide valuable foundations [1]–[6], modern 
applications demand more sophisticated approaches capable of capturing microstructural 
behavior, nonlinear damage evolution, and real-time operational conditions [7]–[12], [19]. 
Emerging technologies—particularly AI, digital twins, and multiscale modeling—are reshaping 
the field and enabling more reliable, data-driven predictions [16]–[20]. Continued research in these 
areas will be essential for ensuring the safety, durability, and performance of next-generation 
engineering systems [13], [21], [22]. 
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