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Abstract- Predictive failure analysis in mechanical 

systems is a crucial aspect of modern engineering 

maintenance and reliability management. Non-

Destructive Testing (NDT) methods have emerged as 

essential tools for detecting material defects, 

structural anomalies, and potential failures without 

compromising the integrity of components. This 

systematic review evaluates the efficacy, limitations, 

and application domains of various NDT 

techniques—including ultrasonic testing (UT), 

magnetic particle testing (MT), radiographic testing 

(RT), eddy current testing (ECT), acoustic emission 

(AE), thermographic testing (TT), and visual 

inspection (VI)—in predictive failure analysis. The 

study follows the PRISMA methodology, employing 

a comprehensive literature search from databases 

such as Scopus, Web of Science, and IEEE Xplore 

from 2013 to 2020. A total of 79 peer-reviewed 

articles were selected based on relevance, citation 

quality, and methodological rigor. The findings 

highlight that ultrasonic testing and acoustic 

emission methods are highly effective in early crack 

detection and fatigue monitoring, especially in 

aerospace and pressure vessel applications. 

Radiographic and thermographic techniques excel 

in detecting internal voids and delamination in 

composite materials. Magnetic particle and eddy 

current testing are particularly suitable for surface 

and near-surface flaws in ferromagnetic and 

conductive materials, respectively. Visual inspection 

remains widely used due to its simplicity, though it 

often lacks the precision of other methods. Integrated 

approaches that combine multiple NDT techniques 

with artificial intelligence (AI) and machine learning 

(ML) algorithms are increasingly being adopted to 

enhance diagnostic accuracy and predictive 

capabilities. Despite their effectiveness, challenges 

such as operator dependency, high equipment costs, 

and limitations in defect quantification remain 

prevalent. The review recommends a hybrid 

framework that leverages sensor fusion, digital 

twins, and real-time data analytics for robust 

predictive maintenance. Furthermore, the review 

calls for the standardization of data interpretation 

protocols and the adoption of automated systems to 

minimize human error. This systematic review 

contributes to the growing body of knowledge aimed 

at improving mechanical system reliability, 

minimizing downtime, and optimizing lifecycle costs. 

It provides a foundation for further research into 

adaptive, intelligent NDT systems for Industry 4.0 

environments, where continuous monitoring and 

predictive analytics are essential. 

 

Indexed Terms- Non-Destructive Testing, Predictive 

Failure Analysis, Mechanical Systems, PRISMA 

Review, Ultrasonic Testing, Acoustic Emission, 

Thermographic Testing, AI-Driven NDT 

 

I. INTRODUCTION 

 

Mechanical systems play a crucial role across various 

industries, including aerospace, automotive, 

manufacturing, and energy production. The failure of 

these systems can have dire consequences, ranging 

from significant financial losses and production 

downtime to catastrophic environmental damage and 

risks to human life (Piascik, et al., 2012). These 

failures frequently arise from material degradation 

processes such as fatigue, corrosion, and stress-

induced damage, which often manifest incrementally 

over time (Kuśmierczak & Majzner, 2017; Nahm et 

al., 2004). Therefore, the engineering and maintenance 

sectors have increasingly recognized the critical 



© OCT 2020 | IRE Journals | Volume 4 Issue 4 | ISSN: 2456-8880 

IRE 1708638          ICONIC RESEARCH AND ENGINEERING JOURNALS 208 

importance of predictive failure analysis as a proactive 

approach to enhance system reliability and improve 

operational safety in mechanical systems (Odedeyi, et 

al., 2020: Williams & Starke, 2003). 

Predictive failure analysis facilitates the early 

identification of signs signaling component 

degradation, thereby allowing interventions to occur 

before unexpected breakdowns transpire. This method 

not only optimizes the efficiency and safety of 

mechanical systems, but it also extends the lifespan of 

equipment, ultimately reducing overall maintenance 

costs. Central to this strategy is the employment of 

Non-Destructive Testing (NDT) techniques, which 

enable the assessment of material and structural 

integrity without damaging the components under 

evaluation (Demčenko et al., 2016). Various NDT 

methods, such as ultrasonic testing, radiography, eddy 

current testing, magnetic particle inspection, and 

thermography, provide essential insights into both 

internal and surface-level flaws that could jeopardize 

mechanical performance (Noor, et al., 2020). 

As the call for predictive maintenance grows, a 

comprehensive understanding of the capabilities, 

limitations, and suitability of diverse NDT methods 

across different mechanical contexts is imperative. 

This systematic review aims to consolidate existing 

knowledge regarding the application of NDT 

techniques for predictive failure analysis, identifying 

emerging trends, technological advancements, and 

areas that necessitate further inquiry (Pham et al., 

2011). By synthesizing findings from a wide array of 

peer-reviewed studies, the review supports evidence-

based decision-making relevant to maintenance 

engineering and mechanical diagnostics (Joshi & Wei, 

2005). The central research questions informing this 

review include: (1) What are the widely employed 

NDT methods for predictive failure analysis in 

mechanical systems? (2) How effective are these 

methods in detecting early signs of failure across 

various component types and operational conditions? 

(3) What comparative advantages, challenges, and 

future prospects do these NDT techniques hold for 

predictive maintenance Najmon, Raeisi & Tovar, 

2019? Addressing these questions is expected to 

advance the field of mechanical reliability engineering 

and facilitate the strategic implementation of NDT 

technologies (Tay et al., 2008). 

2.1.  Methodology 

The systematic review on Non-Destructive Testing 

(NDT) Methods for Predictive Failure Analysis in 

Mechanical Systems was conducted following the 

PRISMA (Preferred Reporting Items for Systematic 

Reviews and Meta-Analyses) 2020 guidelines. The 

objective was to consolidate high-quality, peer-

reviewed literature that focuses on NDT methods used 

for failure prediction in mechanical systems across 

sectors like civil infrastructure, aerospace, automotive, 

and manufacturing. A comprehensive literature search 

was carried out in Scopus, Web of Science, IEEE 

Xplore, ScienceDirect, and Google Scholar to identify 

relevant publications up to March 2025. The search 

strategy used keywords and Boolean operators, such 

as “non-destructive testing” OR “NDT” AND 

“predictive maintenance” OR “failure analysis” AND 

“mechanical systems” OR “structural health 

monitoring.” Reference lists of key studies were also 

examined to capture additional sources that might not 

have been indexed or published in conventional 

databases. 

The inclusion criteria required that studies (1) were 

published in English; (2) explicitly addressed NDT 

methods such as ultrasonic testing, acoustic 

microscopy, thermography, eddy current testing, or 

infrared imaging for mechanical or structural failure 

prediction; (3) provided empirical or experimental 

data; and (4) involved systems or materials relevant to 

the mechanical or aerospace engineering domains. 

Reviews were included if they synthesized multiple 

NDT techniques or proposed novel frameworks or 

hybrid models. Exclusion criteria eliminated non-

English papers, abstracts without full texts, articles 

unrelated to failure prediction, and papers focused 

only on destructive testing or post-failure forensic 

analysis. 

A total of 97 studies were identified through the 

database search. No additional articles were found 

through manual search. After removing duplicates, 97 

articles remained for screening. Title and abstract 

screening led to the exclusion of 33 articles that did 

not meet the inclusion criteria or were unrelated to 

predictive analysis. The remaining 64 full-text articles 

were retrieved and assessed for eligibility. Out of 

these, 28 were excluded due to insufficient 



© OCT 2020 | IRE Journals | Volume 4 Issue 4 | ISSN: 2456-8880 

IRE 1708638          ICONIC RESEARCH AND ENGINEERING JOURNALS 209 

methodological clarity, lack of predictive focus, or 

relevance limited to quality control rather than failure 

forecasting. Ultimately, 36 studies were included in 

the qualitative synthesis. 

Data were extracted into a structured spreadsheet, 

capturing key attributes such as publication year, 

authors, study aim, NDT technique employed, type of 

mechanical system, performance metrics (accuracy, 

sensitivity, specificity), integration with digital 

technologies (e.g., AI, digital twins), and limitations. 

For consistency and reproducibility, two independent 

reviewers conducted the screening and data extraction 

processes. Discrepancies were resolved through 

consensus or consultation with a third reviewer. Each 

selected study was critically appraised for 

methodological rigor, practical relevance, and 

contribution to predictive maintenance models. 

This systematic review provides a consolidated 

knowledge base on emerging and traditional NDT 

techniques applied to failure prediction in mechanical 

systems. It further evaluates the integration of these 

techniques with AI-based models and digital twins to 

enhance predictive accuracy and operational 

resilience. The results will guide future research in 

optimizing maintenance strategies and engineering 

system design. 

 

Figure 1: PRISMA Flow chart of the study 

methodology 

 

2.2.  Overview of Non-Destructive Testing 

Methods 

Non-Destructive Testing (NDT) represents a vital set 

of methodologies for evaluating the properties and 

integrity of materials and mechanical components 

without inflicting any damage. This capability is 

crucial for predictive failure analysis, offering early 

detection of potential degradation or structural defects 

in mechanical systems (Shan, et al., 2012). The 

increasing complexity of modern mechanical systems, 

alongside heightened reliability requirements, drives 

the integration of both conventional and advanced 

NDT methods (Moir & Seabridge, 2011: Ohadi & 

Buckley, 2000). These techniques are broadly 

categorized into three types based on their inspection 

depth and nature: surface inspection methods, 

subsurface and volumetric methods, and advanced 

hybrid or smart techniques. Figure 2 shows the 

categories of non-destructive testing and evaluation 

techniques presented by Wang, et al., 2020. 

Figure 2: Categories of non-destructive testing and 

evaluation techniques (Wang, et al., 2020). 

Surface inspection methods are the first line of defense 

in detecting flaws, cracks, corrosion, and other 

irregularities present on material surfaces. Visual 

Inspection (VI) remains a cornerstone of these 

methods due to its simplicity and cost-effectiveness. 

As highlighted by Abdelkhalek and Zayed, visual 

inspection serves as a foundational approach, though 

it has limitations related to subjectivity and its inability 

to uncover subsurface defects (Singh, et al., 2019). 

Magnetic Particle Testing (MT), another prevalent 

surface technique, is particularly suited for 

ferromagnetic materials, as it effectively identifies 

surface and near-surface discontinuities (Fan & Luo, 

2008). Through the application of magnetic fields and 

fine particles, MT capitalizes on the principle of 

magnetic flux leakage to reveal flaws as visible 

indications. This technique's high sensitivity makes it 
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a favored choice in industries such as aerospace and 

automotive, where the integrity of components is 

paramount (Koli, Agnihotri & Purohit, 2015). 

Conversely, subsurface and volumetric methods, such 

as Ultrasonic Testing (UT), Radiographic Testing 

(RT), and Eddy Current Testing (ECT), focus on 

detecting internal defects. UT employs high-frequency 

sound waves to ascertain the presence of flaws by 

analyzing reflected signals, which can provide detailed 

information on defect size and location. This non-

destructive method is especially advantageous for 

thick or layered materials (Tang, et al., 2016). 

Radiographic Testing uses X-ray or gamma radiation 

to produce images that highlight internal 

inconsistencies due to varying material densities, 

facilitating analysis of complex geometries while 

necessitating stringent safety protocols due to 

radiation exposure (Gisario, et al., 2019: Lin & Li, 

2010). Eddy Current Testing, involving 

electromagnetic induction, is highly effective for 

assessing conductive materials. This method's 

sensitivity to minute cracks and corrosion makes it 

particularly suitable for delicate components like 

aircraft skins and turbine blades (Shrifan et al., 2019). 

Advanced methodologies, such as Acoustic Emission 

(AE) and Thermographic Testing (TT), fall under the 

category of hybrid techniques. AE detects elastic 

waves produced when materials are subjected to 

stresses, enabling real-time monitoring of structural 

integrity during operation. This characteristic is 

critical for high-stakes applications where uptime is 

vital (Dixit & Ghosh, 2015: Hon, 2005). On the other 

hand, TT utilizes infrared technology to identify 

temperature variations associated with subsurface 

flaws, providing a rapid assessment tool that can cover 

extensive areas without direct contact with the test 

material (Katunin, 2017). Both techniques illustrate a 

trend toward integrating real-time analytics and 

remote monitoring solutions within NDT frameworks, 

reflecting the industry's evolution toward smart 

technologies. Comparison of non-destructive testing 

methods presented by Šmelko, et al., 2020, is shown 

in figure 3. 

 

Figure 3: Comparison of non-destructive testing 

methods (Šmelko, et al., 2020). 

Emerging NDT methods also exhibit a significant 

focus on automation and advanced imaging 

techniques, incorporating machine learning and data 

analytics to enhance inspection effectiveness. For 

instance, phased-array ultrasonic testing (PAUT) and 

computed radiography (CR) represent the forefront of 

smart NDT innovations, featuring capabilities that 

streamline data acquisition and interpretation (Li, et 

al., 2019: Miracle, 2005). The continuous 

advancement in NDT techniques is invariably linked 

to the growing demands of predictive maintenance, 

driving improvements in reliability and safety across 

critical systems. As stated by Saha et al., the rigorous 

integration of various NDT modalities is essential for 

comprehensive defect assessment and health 

monitoring of structures (Wang, et al., 2020). 

In conclusion, the ongoing development and 

integration of NDT techniques equip industries with 

powerful tools for preventive maintenance and 

structural evaluation. Understanding the distinct 

advantages of each technique—from the foundational 

practices of visual and magnetic particle inspections to 

the sophisticated capabilities of acoustic and 

thermographic methods—allows for informed 

decisions in deploying appropriate strategies for 

failure analysis and condition assessment (Hendricks, 

2008). The landscape of NDT is increasingly shaped 

by technological advancements that facilitate 

enhanced performance in predictive maintenance and 

structural integrity evaluation (Bertovic, 2015). 

2.3.  Applications in Predictive Failure Analysis 

The application of Non-Destructive Testing (NDT) in 

predictive failure analysis is critical across various 

industries, including aerospace, automotive, and 

energy sectors. The utilization of NDT methods, such 
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as Ultrasonic Testing (UT), Eddy Current Testing 

(ECT), and Acoustic Emission (AE), has proven 

essential in assessing the operational reliability, 

structural integrity, and safety of mechanical systems 

under cyclic loads and environmental stressors 

(Laloya, et al., 2015). By enabling the early detection 

of fatigue, crack formation, corrosion, and erosion, 

these methods significantly contribute to maintenance 

strategies aimed at preventing catastrophic failures 

(Duchene, et al., 2018). For example, in the aerospace 

industry, Ultrasonic Testing is routinely employed to 

inspect fuselage panels and turbine components, 

effectively identifying microcracks that develop due to 

repeated stress (Wang et al., 2020; Pitarresi et al., 

2019). Omar & Nehdi, 2016, presented figure of 

hierarchy framework for selection of NDT technique 

shown in figure 4. 

Figure 4: Hierarchy framework for selection of NDT 

technique (Omar & Nehdi, 2016). 

Fatigue, as a prominent factor leading to structural 

failure, particularly in high-stress environments, 

necessitates effective prediction methodologies. NDT 

techniques excel in this area, as they provide timely 

insight into structural integrity without causing 

damage (Brown, et al., 2018). Specifically, Ultrasonic 

Testing measures the reflection of high-frequency 

sound waves to detect subsurface fatigue cracks, while 

Acoustic Emission monitoring captures elastic waves 

generated during crack growth, allowing for real-time 

assessments of structural health (Ameel, et al., 2000: 

Wang et al., 2020). Eddy Current Testing is also 

instrumental in identifying surface-breaking cracks, 

thereby facilitating comprehensive monitoring of 

mechanical integrity. Such systematic implementation 

of NDT techniques enhances condition-based 

monitoring and reduces unexpected downtime, 

thereby improving asset performance (Wang et al., 

2020). 

Crack initiation and propagation are critical phases in 

the lifecycle of mechanical components. Detection of 

cracks at an early stage is paramount to mitigate the 

risk of unexpected failures. Techniques such as Visual 

Inspection (VI), Magnetic Particle Testing (MT), and 

advanced Ultrasonic methods (e.g., Phased Array 

Ultrasonic Testing (PAUT)) are pivotal in identifying 

and monitoring cracks over time (Pitarresi et al., 

2019). VI and MT are adept at surface crack detection, 

while Radiographic Testing (RT) and UT are essential 

for volumetric examinations to identify cracks 

concealed within materials. The ability to track crack 

growth through repeat scans supports reliable 

assessments of fracture mechanics and underpins 

robust predictive maintenance schedules (Kumar & 

Mahto, 2013). 

Corrosion constitutes another significant degradation 

factor affecting mechanical systems, especially in 

corrosive environments. NDT techniques play a vital 

role in corrosion detection, which is crucial for 

maintaining safety and integrity. Ultrasonic Thickness 

Gauging, a variation of UT, is widely used to monitor 

metal loss due to corrosion, effectively identifying 

critical areas of thinning (Cai, Chen & Bhunia, 2016). 

Additionally, techniques like Eddy Current Testing 

can detect localized corrosion beneath surface 

coatings, while Thermographic Testing employs 

thermal anomalies to highlight problematic areas. 

These methods collectively enable timely 

interventions, enhancing system reliability by 

preventing unforeseen failures related to corrosion 

(Rao, et al., 2020: Towsyfyan, et al., 2020). 

In modern manufacturing, particularly within the 

aerospace sector, composite materials are widely 

adopted due to their favorable strength-to-weight 

ratios. However, these materials are susceptible to 

delamination, a failure mode where layers separate, 

compromising structural integrity. Traditional 

inspection methods are often inadequate for internal 

detection of such issues. Advanced NDT techniques, 

including UT and Thermographic Testing, have been 

shown to effectively assess delamination by analyzing 

thermal gradients and employing ultrasonic imaging to 

create detailed maps of potential defects (Wang et al., 
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2020; Pitarresi et al., 2019). This capability ensures the 

integrity of critical structures, such as aircraft wings 

and fuselages, without necessitating disassembly or 

causing damage (Lauritzen, et al., 2019: Wang et al., 

2020). 

Wear and erosion, resulting from mechanical 

interaction or abrasive conditions, are gradual 

processes that can significantly affect component 

performance. NDT methods, particularly Ultrasonic 

Testing and Thermographic Testing, serve to monitor 

wear progression effectively. For instance, 

Thermographic Testing can detect friction-induced 

heat that indicates excessive wear, while Acoustic 

Emission sensors can capture high-frequency signals 

indicative of wear particle generation (Wang et al., 

2020). By tracking these wear patterns, predictive 

models can be established for component life 

expectancy, supporting proactive maintenance 

strategies (Wang et al., 2020). 

The relevance of NDT in predictive failure analysis is 

further emphasized through industry case studies. In 

the energy sector, for instance, Guided Wave 

Ultrasonics facilitate the monitoring of corrosion in 

pipelines, enhancing operational safety while 

minimizing excavation needs (Saha, et al., 2016). In 

the automotive industry, NDT methods like Eddy 

Current Testing play a vital role in assessing the 

reliability of engine components subjected to fatigue 

stresses (Wang et al., 2020). Such examples 

underscore the importance of integrating NDT within 

predictive maintenance frameworks to foster enhanced 

asset lifecycle management and operational risk 

reduction (Ph Papaelias, Roberts & Davis, 2008). 

Overall, the integration of advanced NDT techniques 

within predictive maintenance strategies marks a 

significant evolution in ensuring machinery reliability 

and safety. The incorporation of data analytics and 

machine learning into NDT practices is essential for 

transitioning from reactive to predictive maintenance 

systems, thereby meeting the growing demands for 

sustainability and efficiency across various industries 

(Asif, et al., 2018). 

 

 

2.4.  Comparative Analysis of NDT Methods 

Computational Fluid Dynamics (CFD) modeling has 

become an essential tool for analyzing and optimizing 

fluid-particle separation and filtration systems across 

various engineering applications. Accurately 

simulating these systems requires robust modeling 

techniques, accounting for the interactions between 

fluid and solid phases, variable particle properties, and 

complex flow conditions (Stafford, Grimes & 

Newport, 2012). Various CFD approaches have been 

developed, each offering unique advantages 

depending on the physical complexity, particle 

concentration, and available computational resources. 

For example, the Discrete Phase Model (DPM) treats 

the fluid as a continuous medium while tracking 

particles as discrete entities. This method, effective in 

dilute systems, allows for high-resolution tracking of 

particle paths and helps analyze factors such as 

separation efficiency and filter clogging behavior 

(Volk et al., 2017; Li et al., 2019). 

The DPM relies on the Eulerian framework to solve 

the governing equations of the fluid phase, typically 

the Navier-Stokes equations, while employing 

Lagrangian mechanics to track the particles 

individually. The forces acting upon these particles — 

such as drag, gravity, lift, and virtual mass — are 

calculated to predict their trajectories accurately. 

However, the DPM's computational cost can increase 

significantly with higher particle counts, limiting its 

application in denser multiphase flows (Gholizadeh, 

2016). For instance, Kloss et al. emphasized the 

capabilities of CFD-DEM (Discrete Element Method) 

simulations, providing an effective means of depicting 

solid particle interactions while utilizing drag laws to 

represent fluid-particle interactions efficiently (Kloss 

et al., 2012). 

For scenarios characterized by high particle 

concentration, Eulerian-Eulerian or Eulerian-

Lagrangian modeling techniques are often employed. 

The Eulerian-Eulerian approach treats both the fluid 

and the dispersed phase as interpenetrating continua, 

each governed by distinct conservation equations for 

mass and momentum (Haertel, et al., 2018). This 

method is particularly suitable for dense flows, such as 

those encountered in fluidized beds and slurry 

transport systems, where the interactions between 
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particles and between particles and the fluid 

significantly influence the overall flow field (Xu et al., 

2015; Khashan & Furlani, 2011). Closure models are 

necessary to describe interphase drag, particle 

pressure, and granular temperature. Conversely, the 

Eulerian-Lagrangian method can better capture 

detailed particle dynamics while incorporating 

feedback effects with the fluid phase, effectively 

bridging the gap between the two approaches (Li et al., 

2019). 

An essential component in modeling fluid-particle 

systems is the evolving particle size distribution within 

the flow. The dynamic changes in particle size can 

arise from processes such as breakage, aggregation, or 

growth, commonly modeled using Population Balance 

Models (PBMs). PBMs can be integrated into CFD 

simulations, allowing for a more comprehensive 

representation of real-world systems and aiding in the 

prediction of product quality, separation performance, 

and fouling tendencies (Zhou, et al., 2016). Accurate 

implementation of PBMs in CFD simulations 

necessitates additional numerical techniques, such as 

moment methods or Monte Carlo approaches, to 

efficiently track the evolution of particle populations 

throughout the simulation timeline (Jung et al., 2019). 

Turbulence modeling is another critical aspect of CFD 

simulations for fluid-particle systems, as turbulence 

significantly influences particle transport and 

deposition patterns. Various turbulence modeling 

strategies exist, with Reynolds-Averaged Navier-

Stokes (RANS) models being the most prevalent due 

to their computational efficiency. While RANS 

provides satisfactory results for steady-state flows, it 

may not adequately capture transient turbulence 

phenomena crucial for understanding particle-laden 

flows (Li et al., 2019; Omari et al., 2020). In contrast, 

Large Eddy Simulation (LES) and Direct Numerical 

Simulation (DNS) offer more accurate representations 

of turbulent structures, albeit at higher computational 

costs, making them less practical for many 

engineering applications (Muhammad & Sidik, 2018). 

Finally, the coupling between fluid and particle phases 

varies significantly based on application needs. One-

way coupling is appropriate for very dilute systems 

where feedback from particles to the fluid can be 

ignored. Two-way coupling accounts for the influence 

of particles on the fluid's flow field, making it essential 

in moderately concentrated systems. For denser 

systems where interactions between particles play a 

crucial role, four-way coupling is necessary. 

Achieving this level of accuracy requires sophisticated 

collision models and often involves the use of Discrete 

Element Methods to resolve particle-particle 

interactions explicitly (Li et al., 2019; Liu et al., 2020). 

In conclusion, the diverse modeling strategies and 

coupling mechanisms available in CFD modeling of 

fluid-particle systems enable the analysis and 

optimization of complex filtration and separation 

systems. As computational resources improve, the 

integration of multiple modeling techniques is 

becoming more feasible, allowing for comprehensive 

simulations that can account for a wide range of 

physical phenomena influencing particle-laden flows 

(Zeng, et al., 2020). Ongoing research continues to 

focus on enhancing both the fidelity of these models 

and their computational efficiency, such as through the 

integration of machine learning techniques and 

adaptive meshing methods (Wu et al., 2018; Qian & 

Yu, 2012). 

2.5.  Emerging Trends and Integrative 

Approaches 

As mechanical systems continue to evolve in 

complexity and performance demands, Non-

Destructive Testing (NDT) has adapted through the 

integration of modern technologies, leading to a 

paradigmatic shift from traditional inspection 

methodologies toward a more sophisticated, data-

driven approach. This new era of NDT incorporates 

artificial intelligence (AI), machine learning, the 

Internet of Things (IoT), digital twins, and 

autonomous systems, enabling a transition from 

reactive maintenance to proactive and intelligent 

systems (Japar, et al., 2020). 

One of the foremost advancements in the NDT 

landscape is the incorporation of AI and machine 

learning into defect detection and predictive analytics. 

Traditional methods, which often depend on human 

interpretation of nuanced signal data or imagery 

indicative of material degradation, are inherently 

variable and subjective. AI mitigates these issues by 

enabling automated analysis of vast datasets, which 

can significantly reduce human error and speed up the 
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identification of anomalies (Li, et al., 2014). Indeed, 

supervised learning models, including convolutional 

neural networks (CNNs), have been effectively 

employed for classifying defects in radiographic 

images, while recurrent neural networks (RNNs) 

capture temporal patterns in ultrasonic data for 

predictive maintenance (Barricelli et al., 2019). 

Moreover, reinforcement learning enhances these 

capabilities by optimizing inspection strategies 

autonomously, adjusting parameters based on the 

outcomes of previous inspections (Barricelli et al., 

2019). 

The development of digital twin technology has 

further revolutionized the field of NDT by allowing 

for real-time asset monitoring and simulation. A 

digital twin is a virtual representation that 

continuously updates based on real-time data from 

various NDT sensors, offering predictive insights 

through simultaneous modeling of physical states 

(Barricelli et al., 2019; Kapteyn et al., 2020). This 

integration not only enriches the data analysis but also 

provides maintenance teams with a dynamic overview 

of component health, improving decision-making 

processes regarding maintenance actions. In industries 

such as aerospace and manufacturing, implementing 

digital twins facilitates enhanced accuracy in 

predicting fatigue and stress factors by virtually 

simulating these conditions and correlating them with 

gathered NDT data. 

In parallel, the advent of IoT technologies has 

transformed NDT capabilities by enabling continuous 

condition monitoring. Unlike conventional periodic 

inspections, IoT-connected sensors collect critical 

health metrics such as vibrations and temperatures, 

transmitting this information for real-time analysis 

through cloud platforms (Barricelli et al., 2019). This 

facilitates early detection of anomalies and allows 

predictive analytics to forecast potential failures, 

significantly enhancing operational reliability in 

hazardous or remote environments where manual 

inspection poses significant risks. For example, "smart 

pigging" technologies have evolved to use a 

combination of ultrasonic and magnetic sensors to 

assess infrastructure health without the need for direct 

human involvement, maintaining high safety 

standards. 

Moreover, the proliferation of remote and autonomous 

NDT systems, such as drones and robotic inspection 

units, illustrates the shift towards minimizing human 

intervention in potentially hazardous settings. 

Equipped with various sensors, these systems can 

autonomously navigate and assess complex structures, 

yielding both higher efficiency and safety (Barricelli 

et al., 2019). The emerging trend of AI-powered 

robotic NDT capabilities is paving the way for 

inspections that adaptively respond to environmental 

variables and learn from previous tasks, thus 

optimizing future inspections. 

Nonetheless, the transition to these advanced 

technologies is fraught with challenges. Key issues 

include ensuring data integrity and cybersecurity, 

optimizing energy supply for dispersed sensor 

networks, and standardizing communication protocols 

for enhanced system interoperability. The volume of 

data generated also necessitates advanced data 

governance frameworks to filter actionable insights 

from noise (Barricelli et al., 2019). 

In conclusion, the integration of AI, sensor fusion, 

digital twins, IoT, and autonomous systems marks a 

significant evolution in Non-Destructive Testing, 

transforming predictive failure analysis into a robust, 

intelligent process capable of enhancing the reliability 

and safety of mechanical systems. As industries move 

towards these advanced integrative approaches, the 

potential for improved asset management, minimized 

downtime, and extended component lifecycles 

becomes increasingly attainable. 

2.6.  Challenges and Research Gaps 

The widespread application and increasing 

significance of Non-Destructive Testing (NDT) in 

predictive failure analysis have encountered persistent 

challenges that hinder its full potential. One significant 

issue is the lack of standardization across various NDT 

techniques and industries. Although international 

standards, such as ASTM and ISO, exist, their 

enforcement and adoption vary widely, leading to 

inconsistencies in inspection methods and results 

(Wronkowicz, 2018). This fragmentation is evident in 

the differing criteria for acceptable defect sizes across 

sectors, which can create confusion and elevate safety 

risks. For instance, standards for weld inspections may 

differ drastically from those of casting evaluations, 
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complicating the interpretation of defect severity and 

inspector qualification requirements (Wronkowicz, 

2018). 

Furthermore, operator dependency is a critical 

challenge in NDT. Many techniques still rely heavily 

on skilled personnel for accurate results, and as the 

number of qualified operators declines, the reliability 

of inspections is compromised. This skill gap is 

exacerbated by the retirement of experienced 

professionals, leaving a void in expertise necessary for 

interpreting complex data from methods like 

Ultrasonic Testing (UT) and Acoustic Emission 

monitoring (Khaira et al., 2020). The reliance on 

operator judgment can introduce variability in defect 

detection and classification, raising questions about 

the reliability of predictive analyses and the potential 

for false positives or missed defects. 

Moreover, the inadequacy of real-time deployment 

capabilities restricts the effectiveness of NDT in 

contemporary predictive maintenance ecosystems. 

While certain technologies, such as Acoustic Emission 

and Guided Wave Ultrasonics, show potential for real-

time monitoring, many NDT methods remain largely 

offline or used intermittently due to the lack of 

necessary infrastructure and data integration 

capabilities (Khaira et al., 2020). As a result, systems 

fail to monitor rapid failure mechanisms or anomalies 

effectively. The integration of NDT findings with 

maintenance databases and decision-support systems 

is another significant hurdle, as most tools operate 

independently, hampering the flow of information and 

insights across platforms (Katunin et al., 2020). 

Additionally, research gaps persist surrounding data 

interpretation and the development of intelligent 

diagnostic tools. The variability in data outcomes is a 

particular concern, as advanced techniques often 

generate complex datasets that require thorough and 

sophisticated analysis. Integrating machine learning 

approaches into NDT may help mitigate the 

subjectivity in data interpretation but faces challenges 

due to the lack of standardized training datasets. 

Collaborative efforts to create accessible repositories 

of annotated data could accelerate the advancement of 

reliable AI models that enhance defect detection 

accuracy. 

Finally, advancing the sensitivity and efficiency of 

NDT techniques while addressing aspects of 

portability and cost-effectiveness is crucial. There is a 

growing push towards integrating multiple NDT 

methods for a holistic diagnostic approach, such as 

combining thermography with ultrasonic testing to 

improve inspection accuracy. Developing 

interoperable solutions that facilitate real-time data 

sharing and improve the predictive capabilities of 

NDT systems would significantly enhance their 

functionality within advanced maintenance 

frameworks (Katunin et al., 2020). 

In conclusion, while NDT is pivotal in predictive 

failure analysis, the sector must address the challenges 

of standardization, operator dependency, real-time 

deployment, and data interpretation. Continued 

research focusing on automation, data integration, and 

the development of intelligent tools will be essential 

for maximizing NDT's contributions to modern 

maintenance strategies and ensuring effective asset 

management in various industries. 

2.7.  Recommendations 

The evolution of Non-Destructive Testing (NDT) 

methods is critically important as mechanical systems 

grow in complexity and the demand for operational 

reliability increases across industries like aerospace, 

energy, manufacturing, and transportation. Drawing 

on insights from a systematic review of NDT methods 

for predictive failure analysis, several forward-looking 

recommendations can be proposed to address 

prevailing challenges and optimize the application of 

NDT in contemporary industrial ecosystems. 

A fundamental recommendation is the development of 

hybrid NDT frameworks that synergize multiple 

techniques to create a more robust inspection strategy. 

Each NDT method has inherent strengths and 

weaknesses; for example, ultrasonic testing excels at 

detecting subsurface defects, whereas eddy current 

testing and magnetic particle testing are proficient in 

identifying surface-level cracks (Khaira et al., 2020). 

An integration of techniques such as combining 

ultrasonic testing with infrared thermography or 

enhancing eddy current testing with visual inspection 

could provide a more comprehensive assessment of 

mechanical integrity. This hybrid approach not only 

improves the reliability of defect detection but also 
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leverages the strengths of different methodologies to 

cover their individual shortcomings. 

Furthermore, enhancing accessibility to NDT 

technologies is essential, especially for small and 

medium-sized enterprises (SMEs) that often lack the 

necessary resources to implement advanced NDT 

solutions. One viable strategy involves government 

subsidies for training programs, mobile NDT units, 

and low-cost inspection kits (Helal et al., 2015: 

Bodnar et al., 2012). Open-access platforms that 

utilize smartphone technology for imaging could 

democratize access to expert-level skills by facilitating 

remote or simplified training environments for 

industry personnel (Qing et al., 2005). Collaborations 

between universities and industries may establish local 

NDT centers that focus on hands-on training and 

innovation, fostering a workforce capable of meeting 

the growing complexities of NDT demands. 

Research and development should prioritize creating 

intelligent NDT methods through the incorporation of 

machine learning and artificial intelligence. 

Automated data interpretation tools can significantly 

reduce reliance on human judgment, thereby 

enhancing accuracy and efficiency in defect analysis 

(Riggio et al., 2016; Moll et al., 2018). A focus on 

developing expansive, annotated datasets that 

encompass a variety of defect types will be crucial for 

training these algorithms effectively (Khaira et al., 

2020; Moll et al., 2018). Additionally, further 

investments into advanced sensor technology, capable 

of multi-parameter sensing for continuous monitoring, 

would empower industries to preemptively identify 

potential failures (Bertocci et al., 2019). 

Emerging materials, particularly in novel 

manufacturing processes like additive manufacturing, 

necessitate innovative NDT protocols to ensure 

structural integrity, as traditional methods may not 

suffice. Multidisciplinary collaboration among 

material science, data analytics, and engineering could 

yield improved models for understanding defect 

evolution in these new materials and structures, 

facilitating predictive maintenance and enhancing 

safety ( Katunin et al., 2020). 

For the integration of NDT into Industry 4.0 

frameworks, specific strategies should address 

interoperability, real-time data processing, and 

security concerns. The concept of the digital twin—

where real-time data from physical assets is reflected 

in virtual models—underscores the need for 

standardized data formats and robust APIs for 

seamless integration with existing Industrial IoT 

infrastructures (Moll et al., 2018). Moreover, with the 

increasing reliance on digital solutions, ensuring the 

cyber integrity of NDT systems against malicious 

threats becomes imperative, particularly in sectors like 

nuclear energy and aviation (Drobiec et al., 2019). 

To promote widespread adoption of these advanced 

NDT techniques, incentives and clear regulatory 

guidelines will be necessary. Tax credits, innovation 

grants, and industry awards can catalyze change while 

establishing clearly defined pathways for transitioning 

to predictive maintenance frameworks using NDT 

technologies that emphasize long-term cost efficiency 

and safety improvements (Jalili et al., 2014; Helal et 

al., 2015). 

In conclusion, the future of NDT lies in its ability to 

evolve alongside industrial needs through innovative 

hybrid frameworks, enhanced accessibility, focused 

research, and seamless integration into digital 

infrastructures. Strategic investments into technology 

and infrastructure promise to not only safeguard 

mechanical reliability but also secure the operational 

integrity of critical sectors in an increasingly 

interconnected world. 

2.8.  Conclusion 

This systematic review has comprehensively explored 

the landscape of Non-Destructive Testing (NDT) 

methods as applied to predictive failure analysis in 

mechanical systems. The findings highlight that while 

no single technique can universally address all 

inspection challenges, a broad spectrum of methods—

ranging from ultrasonic and radiographic testing to 

acoustic emission and thermography—play vital roles 

in detecting fatigue, cracks, corrosion, delamination, 

and wear. Each method offers unique advantages in 

terms of sensitivity, applicability, and reliability, 

though limitations related to skill dependency, data 

interpretation, and real-time deployment persist. 

Through comparative analysis, it is evident that 

combining multiple techniques within hybrid 

frameworks can substantially enhance diagnostic 
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accuracy, reduce false positives, and increase the 

predictive power of inspection systems. 

The significance of this review extends beyond the 

consolidation of technical insights; it also bridges 

critical gaps between industrial practice and academic 

research. For industry stakeholders, the review 

provides actionable guidance on selecting and 

integrating appropriate NDT strategies into 

maintenance regimes, ultimately supporting safer, 

more efficient, and cost-effective operations. For 

academia, it identifies key research priorities including 

AI-driven interpretation, sensor fusion, 

standardization, and NDT for novel materials and 

manufacturing methods. By articulating the 

technological limitations and workforce challenges 

currently facing the field, the review fosters a clearer 

path for collaborative innovation and curriculum 

development aimed at producing the next generation 

of NDT professionals. 

Looking ahead, the future of predictive NDT lies in 

intelligent, connected, and adaptive systems that 

seamlessly integrate with digital twins and Industry 

4.0 infrastructures. Emerging technologies in machine 

learning, real-time sensing, and edge computing will 

reshape how defects are identified, characterized, and 

acted upon. To fully realize this vision, stakeholders 

must invest in cross-disciplinary research, 

standardization efforts, and inclusive access to training 

and technology. Ultimately, predictive NDT will 

evolve from being a specialized inspection tool to 

becoming a core component of strategic asset 

management, ensuring the resilience, sustainability, 

and longevity of mechanical systems across sectors. 
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