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Abstract 
The increasing complexity and performance expectations of modern mechanical systems 

necessitate a more robust approach to design that prioritizes reliability from inception. This 

paper presents a conceptual framework that integrates Finite Element Analysis (FEA) with 

Design Failure Mode and Effects Analysis (DFMEA) to achieve a reliability-centered 

design (RCD) methodology for mechanical components. While FEA enables engineers to 

predict stress distribution, deformation, and fatigue life under simulated loading 

conditions, DFMEA offers a structured pathway for identifying potential failure modes, 

their causes, and mitigation strategies early in the design cycle. The integration of these 

two techniques ensures that both physical and functional weaknesses are addressed 

proactively. The proposed framework adopts a closed-loop design validation strategy 

where insights from FEA are continuously fed into the DFMEA process to enhance the 

prioritization of risks based on severity, occurrence, and detectability. In turn, DFMEA 

findings guide design modifications, which are subsequently validated through iterative 

FEA simulations. This synergistic loop allows for real-time optimization of component 

geometry, material selection, and load-bearing capacity while systematically reducing 

failure risks. Key features of the framework include a reliability scoring system, decision-

support metrics, and traceability of design changes linked to risk mitigation. Case 

applications in the automotive and aerospace industries demonstrate the utility of the 

framework in improving component durability, extending service life, and reducing 

warranty claims. Additionally, the paper discusses the integration of this framework within 

Product Lifecycle Management (PLM) systems and the potential for automation using 

machine learning to predict high-risk regions based on historical data. By bridging the gap 

between virtual prototyping and risk assessment, this conceptual framework enables a shift 

from reactive to proactive design strategies. It provides design engineers, quality managers, 

and product developers with a unified tool to enhance reliability, safety, and cost-

effectiveness in mechanical systems development. 
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1. Introduction 

In today’s competitive and safety-conscious engineering landscape, the demand for mechanical components that perform reliably 

under diverse operating conditions is higher than ever. Reliability in mechanical design is not merely a desirable attribute—it is  
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a fundamental requirement that ensures safety, reduces 

lifecycle costs, enhances performance, and preserves brand 

reputation. As mechanical systems become more complex 

and are subjected to increasingly severe environments, the 

cost of failure, both in economic and human terms, becomes 

unacceptable (Adeleke & Peter, 2021, Oladosu, et al., 2021, 

Onukwulu, et al., 2021). Designing for reliability has 

therefore emerged as a central theme in modern product 

development, particularly in critical sectors such as 

aerospace, automotive, defense, energy, and medical devices. 

Yet, despite growing recognition of its importance, many 

traditional design approaches continue to fall short of 

adequately addressing potential failure modes at the earliest 

stages of development. 

Conventional mechanical design methodologies have often 

emphasized functional performance and manufacturability, 

with reliability considerations introduced only in later stages, 

often as part of validation or testing processes. This reactive 

approach can lead to late design changes, increased 

development costs, and in some cases, systemic failures that 

could have been mitigated through early-stage reliability 

planning (Ogunwole, et al., 2022, Okeke, et al., 2022, 

Onukwulu, et al., 2022). Furthermore, the reliance on 

empirical data or past experience, while useful, is insufficient 

in anticipating the complex failure mechanisms associated 

with modern materials, loading conditions, and system 

interactions. As such, there is a clear need for a design 

methodology that proactively incorporates reliability analysis 

into the foundational stages of component development. 

Finite Element Analysis (FEA) and Design Failure Mode and 

Effects Analysis (DFMEA) have independently become 

integral to modern engineering practices. FEA provides 

powerful computational tools to simulate stress distribution, 

deformation, thermal loads, and fatigue behavior, allowing 

engineers to predict potential failure points with high 

precision (Sam Bulya, et al., 2023). Meanwhile, DFMEA 

offers a structured qualitative assessment of potential failure 

modes, their causes, and effects, and provides a prioritization 

scheme based on severity, occurrence, and detectability. Each 

method contributes valuable insights, but when used in 

isolation, they do not fully capture the synergistic 

understanding necessary for designing truly reliable 

components. FEA excels in physical simulation but lacks 

systemic context, while DFMEA provides risk prioritization 

but is often based on subjective judgments and limited to 

known failure modes. An integrated approach, therefore, is 

essential (Adebisi, et al., 2023, Ogu, et al., 2023, Onukwulu, 

et al., 2023). 

This paper proposes a conceptual framework for reliability-

centered design (RCD) that strategically integrates FEA and 

DFMEA into a unified process. The objective is to develop a 

methodology that enables designers to assess both the 

physical integrity and failure risks of mechanical components 

concurrently, thereby minimizing the likelihood of in-service 

failures and maximizing operational reliability. The proposed 

framework aims to shift reliability considerations from post-

design analysis to the heart of the design process itself, 

enabling predictive decision-making that is both data-

informed and risk-aware (Okeke, et al., 2022, Olisakwe, 

Ekengwu & Ehirim, 2022). 

The remainder of this paper is organized as follows. First, it 

reviews relevant literature on reliability engineering, FEA 

applications, and DFMEA methodologies to establish the 

foundation for integration. It then outlines the key 

components of the proposed RCD framework and details the 

step-by-step methodology for combining FEA and DFMEA 

outputs. Following this, the framework is demonstrated 

through case studies involving critical mechanical 

components, with results discussed to illustrate its 

effectiveness (Adebisi, et al., 2023, Okeke, et al., 2023, 

Onukwulu, et al., 2023). Finally, the paper concludes with a 

discussion of the framework’s benefits, limitations, and 

implications for future research and industrial application. 

 

2. Literature Review 
In today’s competitive and safety-conscious engineering 

landscape, the demand for mechanical components that 

perform reliably under diverse operating conditions is higher 

than ever. Reliability in mechanical design is not merely a 

desirable attribute—it is a fundamental requirement that 

ensures safety, reduces lifecycle costs, enhances 

performance, and preserves brand reputation. As mechanical 

systems become more complex and are subjected to 

increasingly severe environments, the cost of failure, both in 

economic and human terms, becomes unacceptable (Chikelu, 

et al., 2022, Otokiti, et al., 2022). Designing for reliability 

has therefore emerged as a central theme in modern product 

development, particularly in critical sectors such as 

aerospace, automotive, defense, energy, and medical devices. 

Yet, despite growing recognition of its importance, many 

traditional design approaches continue to fall short of 

adequately addressing potential failure modes at the earliest 

stages of development. Figure 1 shows the relationship 

between FMEA, RCM and maintenance planning preented 

by Braaksma, Klingenberg & Veldman, 2013. 

 

 
 

Fig 1: Relationship between FMEA, RCM and maintenance 

planning (Braaksma, Klingenberg & Veldman, 2013). 
 

Conventional mechanical design methodologies have often 

emphasized functional performance and manufacturability, 

with reliability considerations introduced only in later stages, 

often as part of validation or testing processes. This reactive 

approach can lead to late design changes, increased 

development costs, and in some cases, systemic failures that 

could have been mitigated through early-stage reliability 
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planning (Ozobu, et al., 2023, Sam Bulya, et al., 2023). 

Furthermore, the reliance on empirical data or past 

experience, while useful, is insufficient in anticipating the 

complex failure mechanisms associated with modern 

materials, loading conditions, and system interactions. As 

such, there is a clear need for a design methodology that 

proactively incorporates reliability analysis into the 

foundational stages of component development. 

Finite Element Analysis (FEA) and Design Failure Mode and 

Effects Analysis (DFMEA) have independently become 

integral to modern engineering practices. FEA provides 

powerful computational tools to simulate stress distribution, 

deformation, thermal loads, and fatigue behavior, allowing 

engineers to predict potential failure points with high 

precision. Meanwhile, DFMEA offers a structured qualitative 

assessment of potential failure modes, their causes, and 

effects, and provides a prioritization scheme based on 

severity, occurrence, and detectability. Each method 

contributes valuable insights, but when used in isolation, they 

do not fully capture the synergistic understanding necessary 

for designing truly reliable components (Adeleke, et al., 

2021, Oladosu, et al., 2021, Onukwulu, et al., 2021). FEA 

excels in physical simulation but lacks systemic context, 

while DFMEA provides risk prioritization but is often based 

on subjective judgments and limited to known failure modes. 

An integrated approach, therefore, is essential. Axiomatic 

design with FMECA process presented by Goo, et al., 2019,is 

shown in figure 2. 

 

 
 

Fig 2: Axiomatic design with FMECA process (Goo, et al., 2019). 
 

This paper proposes a conceptual framework for reliability-

centered design (RCD) that strategically integrates FEA and 

DFMEA into a unified process. The objective is to develop a 

methodology that enables designers to assess both the 

physical integrity and failure risks of mechanical components 

concurrently, thereby minimizing the likelihood of in-service 

failures and maximizing operational reliability (Okeke, et al., 

2023, Okuh, et al., 2023, Osazuwa, et al., 2023). The 

proposed framework aims to shift reliability considerations 

from post-design analysis to the heart of the design process 

itself, enabling predictive decision-making that is both data-

informed and risk-aware. 

The remainder of this paper is organized as follows. First, it 

reviews relevant literature on reliability engineering, FEA 

applications, and DFMEA methodologies to establish the 

foundation for integration. It then outlines the key 

components of the proposed RCD framework and details the 

step-by-step methodology for combining FEA and DFMEA 

outputs. Following this, the framework is demonstrated 

through case studies involving critical mechanical 

components, with results discussed to illustrate its 

effectiveness. Finally, the paper concludes with a discussion 

of the framework’s benefits, limitations, and implications for 

future research and industrial application (Adebisi, et al., 
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2023, Okeke, et al., 2023, Oteri, et al., 2023). 

 

3. Methodology 
The methodology followed the PRISMA (Preferred 

Reporting Items for Systematic Reviews and Meta-Analyses) 

guidelines to ensure a transparent and reproducible process in 

developing a conceptual framework that integrates Finite 

Element Analysis (FEA) and Design Failure Mode and 

Effects Analysis (DFMEA) into a reliability-centered design 

approach for mechanical components. A comprehensive 

identification of literature was conducted to gather scholarly 

materials related to FEA applications, DFMEA methodology, 

and reliability-centered maintenance (RCM) principles in 

engineering design. Databases including IEEE Xplore, 

ScienceDirect, ASME Digital Collection, SpringerLink, and 

Web of Science were systematically searched using 

keywords such as “FEA for component design,” “DFMEA in 

mechanical engineering,” “reliability-centered design,” and 

“mechanical reliability analysis.” 

All identified articles were screened to remove duplicates and 

unrelated topics, followed by a detailed review of titles and 

abstracts to assess their relevance. Studies that discussed 

integration strategies, reliability quantification, and 

optimization of mechanical components through simulation 

and risk-based analysis were considered. Articles were 

excluded if they did not provide conceptual or 

methodological relevance to the integration of FEA and 

DFMEA. Full-text assessments were then performed to 

ensure the remaining studies addressed the core themes of 

mechanical reliability, simulation-based design, and failure 

analysis. 

Data extraction focused on key parameters, including the type 

of FEA tools used, the depth of DFMEA application, 

component-specific reliability metrics, and identified 

limitations in current practices. Patterns and thematic 

overlaps from various studies were analyzed and synthesized 

into a coherent conceptual framework that links FEA's 

simulation strength with DFMEA's proactive failure 

assessment capabilities. The conceptual model was refined 

through iterative expert consultations and cross-validation 

with recent case studies in aerospace, automotive, and heavy 

machinery applications. This framework aims to provide 

design engineers with a structured, simulation-informed risk 

evaluation pathway that enhances the reliability and safety 

performance of mechanical systems. 

The final output is a validated and actionable framework that 

bridges theoretical modeling and practical reliability 

considerations. The flowchart above illustrates the logical 

sequence from literature identification to framework 

development.  

 

 
 

Fig 3: PRISMA Flow chart of the study methodology
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3.1 Theoretical Background 
The theoretical underpinning of a conceptual framework for 

reliability-centered design (RCD) of mechanical 

components, particularly through the integration of Finite 

Element Analysis (FEA) and Design Failure Mode and 

Effects Analysis (DFMEA), lies in the intersection of 

rigorous analytical methodologies and proactive design 

philosophies. RCD fundamentally aims at embedding 

reliability into design processes from the earliest phases, 

driven by structured analytical approaches that integrate 

deterministic engineering models with probabilistic risk 

assessments to ensure the mechanical integrity and 

performance longevity of components under diverse 

operational conditions (Adeleke, et al., 2022, Okeke, et al., 

2022, Onukwulu, et al., 2022). At its core, RCD encapsulates 

a proactive approach to mitigating risks associated with 

potential failure modes, thereby extending the life cycle, 

performance, and safety of mechanical systems. The strategy 

acknowledges that failures are inevitable; thus, it prioritizes 

the anticipation, detection, and prevention of critical failures 

through a combination of analytical rigor and structured 

assessment. Lau, 2021, presented reliability engineering: 

design for reliability, reliability test and data analysis, and 

failure analysis shown in figure 4. 

 

 
 

Fig 4: Reliability engineering: design for reliability, reliability test and data analysis, and failure analysis (Lau, 2021). 
 

The primary principle of RCD is founded on the systematic 

identification of failure modes, understanding their causes, 

assessing their consequences, and mitigating their effects 

early in the design stage. Central to this methodology is the 

assumption that designs must be robust enough to withstand 

or adequately respond to predicted loads, environmental 

conditions, and operational stresses (Adebisi, et al., 2021, 

Olutimehin, et al., 2021, Onukwulu, et al., 2021). Therefore, 

reliability becomes not merely a post-production assurance 

activity but an integrated design criterion alongside 

performance, cost, and manufacturability. RCD frameworks 

typically rely upon rigorous engineering simulations and 

analytical tools to evaluate the robustness of designs against 

anticipated operational stresses. The overall objective of 

RCD is, therefore, to systematically reduce the likelihood of 

component failure, enhance operational safety, optimize 

maintenance strategies, and ensure long-term economic 

efficiency through reduced lifecycle costs. 

Finite Element Analysis (FEA) constitutes a cornerstone 

analytical method within the RCD framework. It is a 

computational technique that discretizes complex geometries 

into manageable elements, allowing engineers to precisely 

analyze physical behaviors such as stress, strain, 

displacement, and fatigue life under various loading 

scenarios. Stress, as one of the most critical parameters in 

FEA, is meticulously evaluated to ensure that mechanical 

components operate within their permissible stress limits, 

thereby avoiding catastrophic failures (Adeleke, 2021, 

Olisakwe, Tuleun & Eloka-Eboka, 2011). Stress analysis 

informs the necessary design adjustments to reinforce 

vulnerable regions within a component, ensuring sufficient 

strength and resilience under real-world loading conditions. 

Strain, another essential parameter, measures deformation 

within the material when subjected to loading conditions. 

Excessive strain can indicate that a material or component 

may exceed its elastic limit, potentially leading to permanent 

deformation or fracture. Accurate strain predictions through 

FEA help designers specify appropriate materials and 

geometry to maintain component integrity throughout its 

lifecycle. 

Displacement analyses within FEA further supplement stress 

and strain evaluations by indicating how much a component 

may deform or shift under operational loads. Significant 

displacement can affect the functionality, alignment, and 

interaction between mechanical components, making 

accurate predictions crucial to design reliability. Fatigue life 

predictions derived from FEA are especially critical in 

reliability-centered design, as they forecast how long a 
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component can withstand cyclic stresses before experiencing 

fatigue-induced failures (Okeke, et al., 2023, Onukwulu, et 

al., 2023, Onyeke, et al., 2023). Fatigue failures are often 

insidious, occurring without immediate signs, and thus 

precise predictions of fatigue life help designers establish 

robust safety margins and maintenance intervals that 

significantly extend component life and reliability. 

Complementing the deterministic insights provided by FEA, 

DFMEA introduces a structured approach for qualitatively 

and quantitatively assessing potential failure modes within 

mechanical components. DFMEA systematically documents 

and evaluates potential failures according to key metrics, 

notably severity, occurrence, detectability, and the risk 

priority number (RPN). Severity reflects the extent of the 

consequences associated with a particular failure mode, 

assigning high scores to those failures capable of causing 

serious injury, significant damage, or complete system 

breakdown (Adepoju, et al., 2022, Okeke, et al., 2022, 

Onukwulu, et al., 2022). Occurrence measures how 

frequently a failure mode is likely to happen under normal 

operation, heavily informed by historical data, predictive 

analyses, and engineering judgment. Detectability assesses 

the probability of identifying a failure before it impacts 

system performance or safety. The product of these three 

metrics—severity, occurrence, and detectability—results in 

the risk priority number (RPN), a numerical value enabling 

prioritization of failure modes for mitigation actions. 

Integrating FEA and DFMEA into a cohesive RCD 

framework presents both theoretical and practical challenges, 

primarily arising from bridging deterministic and 

probabilistic analysis methods. Deterministic methods, 

typified by FEA, rely heavily on precise mathematical 

models and well-defined boundary conditions, producing 

detailed and quantitative predictions (Adepoju, et al., 2022, 

Okeke, et al., 2022, Oyeniyi, et al., 2022). Conversely, 

DFMEA and similar probabilistic methods introduce 

uncertainty into the analysis, considering variations in 

materials, manufacturing processes, and operational 

environments. Reconciling these divergent analytical 

paradigms requires developing hybrid methodologies 

capable of simultaneously processing deterministic outputs 

(e.g., stress distributions, deformation patterns, fatigue 

predictions) and probabilistic inputs (e.g., failure rates, 

material variability, human factors). 

One critical challenge in bridging these methodologies is 

effectively translating the detailed, deterministic results from 

FEA into meaningful inputs for DFMEA’s probabilistic 

assessment framework. This involves accurately mapping 

deterministic stress and fatigue results onto probabilistic 

scales of occurrence and severity in DFMEA metrics. 

Additionally, integrating detectability within deterministic 

models can be inherently complex since detectability is often 

influenced by human and organizational factors, which are 

difficult to quantify within traditional deterministic FEA 

paradigms (Okeke, et al., 2023, Onukwulu, et al., 2023, 

Oteri, et al., 2023). Consequently, the successful integration 

of FEA and DFMEA demands interdisciplinary collaboration 

between structural engineers, reliability analysts, and design 

experts to ensure comprehensive coverage of both 

quantitative performance criteria and qualitative risk 

considerations. 

Furthermore, an effective conceptual framework for RCD 

leveraging FEA and DFMEA necessitates the use of 

advanced computational tools capable of iterative analysis, 

sensitivity studies, and scenario simulations. These tools 

must be sufficiently robust to manage significant 

computational demands and sufficiently flexible to integrate 

disparate data types. Emerging computational technologies 

such as digital twins, machine learning algorithms, and 

cloud-based simulation platforms hold significant potential in 

overcoming these integration challenges (Adepoju, et al., 

2023, Okeke, et al., 2023, Onyeke, et al., 2023). By 

automating and streamlining data interchange between 

deterministic FEA outputs and probabilistic DFMEA inputs, 

these technologies enable rapid, iterative refinement of 

component designs to optimize reliability and risk mitigation. 

In conclusion, the theoretical basis for a conceptual 

framework for reliability-centered design of mechanical 

components through integration of FEA and DFMEA lies in 

combining deterministic engineering rigor with systematic 

probabilistic assessments. This integrated approach leverages 

precise computational predictions of component performance 

with structured evaluations of potential failure modes, 

thereby enhancing component reliability from initial design 

through the entire product lifecycle (Okeke, et al., 2022, 

Olisakwe, Ikpambese & Tuleun, 2022, Ozobu, et al., 2022). 

Overcoming the inherent challenges of merging deterministic 

and probabilistic methodologies requires sophisticated 

analytical tools, interdisciplinary collaboration, and 

continuous methodological refinement, ultimately enabling 

engineers to design robust, reliable, and resilient mechanical 

components that meet demanding operational and safety 

standards. 

 

3.2 Proposed Conceptual Framework 
The conceptual framework proposed herein emphasizes an 

integrated, systematic methodology that combines Finite 

Element Analysis (FEA) and Design Failure Mode and 

Effects Analysis (DFMEA) within a unified reliability-

centered design (RCD) strategy for mechanical components. 

This integrated framework aims to bridge the rigorous, 

deterministic computational predictions from FEA 

simulations with the structured probabilistic assessments 

provided by DFMEA, effectively ensuring reliability, safety, 

and long-term performance from the earliest stages of design 

through final implementation and lifecycle management 

(Okeke, et al., 2023, Olisakwe, et al., 2023, Oteri, et al., 

2023). 

The overarching philosophy of the proposed conceptual 

framework is that reliability should be proactively embedded 

into mechanical design processes rather than treated as a 

reactive or corrective post-design consideration. To achieve 

this proactive reliability assurance, the framework aligns 

deterministic engineering simulations of mechanical 

behavior (stress, strain, displacement, fatigue life 

predictions) with probabilistic risk assessments, thereby 

capturing both predictable physical behaviors and potential 

uncertainties that could lead to component failure or 

degradation under real-world conditions (Okeke, et al., 2022, 

Olisakwe, et al., 2022, Onyeke, et al., 2022). 

The first step within this integrated FEA–DFMEA conceptual 

framework is the clear and comprehensive definition of 

design inputs and requirements. At this stage, 

multidisciplinary teams composed of design engineers, 

reliability experts, and product specialists articulate precise 

performance objectives, loading conditions, environmental 

exposure scenarios, regulatory requirements, and constraints 

related to materials, manufacturing processes, and cost 
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targets (Ozobu, et al., 2023, Sam Bulya, et al., 2023). This 

foundational stage ensures all subsequent analysis and 

assessments are accurately contextualized, directly 

addressing the operational demands, customer expectations, 

and regulatory constraints that drive reliability-centered 

design. Accurate and detailed requirement definition serves 

as a pivotal input for the subsequent stages, guiding the 

specificity and granularity of the analysis. 

With clearly articulated design inputs and performance 

requirements in place, the framework transitions to the 

application of FEA simulations. FEA serves as a 

deterministic analytical cornerstone, systematically 

examining how mechanical components will perform under 

various operational scenarios defined earlier. Engineers 

employ sophisticated computational models to precisely 

analyze stress distributions, strain profiles, deformation 

patterns (displacement), and fatigue life estimates 

(Onukwulu, et al., 2021, Otokiti, et al., 2021). Each of these 

key FEA parameters is rigorously assessed, allowing 

engineers to predict component responses to operational 

stresses and environmental exposures. Stress analysis 

evaluates critical regions in the component susceptible to 

material yielding or failure; strain assessments investigate 

potential permanent deformation; displacement simulations 

predict geometric changes affecting functional compatibility; 

and fatigue life analyses determine cyclic loading resilience, 

essential for long-term reliability. 

FEA outcomes provide detailed, quantifiable insights into 

mechanical performance, directly influencing subsequent 

DFMEA processes. The deterministic outputs of FEA 

simulations inform probabilistic risk evaluations within 

DFMEA, effectively linking mechanical performance 

predictions to risk identification and prioritization. DFMEA, 

serving as the third critical stage of the proposed framework, 

systematically identifies, categorizes, and ranks potential 

failure modes based on rigorous assessments of severity, 

occurrence, detectability, and the combined Risk Priority 

Number (RPN) (Adepoju, et al., 2023, Okeke, et al., 2023, 

Onyeke, et al., 2023). At this juncture, multidisciplinary 

design and reliability teams scrutinize FEA simulation 

outputs, aligning deterministic indicators (such as stress 

concentration regions, excessive displacement areas, and low 

fatigue life predictions) with corresponding potential failure 

modes documented within DFMEA processes. 

Within the DFMEA stage, severity measures the criticality of 

identified failures by evaluating potential impacts on system 

safety, functionality, and customer satisfaction. Occurrence 

rates estimate how frequently specific failure modes are 

likely to manifest, drawing upon historical data, FEA 

predictions, and expert judgments. Detectability assesses the 

likelihood of detecting potential failures before adverse 

impacts occur, informing design decisions related to 

monitoring capabilities, sensor placements, and diagnostic 

strategies (Ogunyankinnu, et al., 2022, Okeke, et al., 2022, 

Onyeke, et al., 2022). The aggregation of these three metrics 

into the RPN facilitates a structured prioritization of risks, 

clearly delineating areas requiring immediate attention and 

those amenable to deferred or monitoring-based 

interventions. 

Crucially, the proposed conceptual framework emphasizes an 

iterative, dynamic feedback loop between FEA and DFMEA 

assessments, forming a continuous cycle of design 

refinement and reliability enhancement. This iterative loop 

constitutes a fundamental strength of the integrated 

framework, enabling real-time design adjustments informed 

directly by analytical findings. For instance, high-stress 

concentrations identified through FEA simulations may 

trigger immediate DFMEA risk evaluations, prompting 

design modifications such as geometrical optimization, 

material substitutions, or enhanced reinforcement strategies 

(Okeke, et al., 2023, Olisakwe, Bam & Aigbodion, 2023, 

Oteri, et al., 2023). Conversely, high-risk failures prioritized 

through DFMEA could prompt targeted FEA reevaluations, 

focusing deterministic simulations on newly identified 

critical components or scenarios. This continuous iterative 

cycle thus fosters a robust, adaptive design approach, 

systematically enhancing reliability and reducing risks 

through successive refinement stages. 

The flow of activities within the integrated conceptual 

framework can be visualized clearly in a schematic or 

flowchart. Initially, inputs comprising design requirements 

and constraints flow directly into detailed FEA simulations. 

The FEA stage generates quantitative data regarding stress, 

strain, displacement, and fatigue life, feeding directly into the 

DFMEA phase. DFMEA subsequently synthesizes 

deterministic FEA outputs with probabilistic evaluations of 

severity, occurrence, and detectability, generating RPN 

scores for identified failure modes (Azaka, et al., 2022, Elete, 

et al., 2022, Isibor, et al., 2022). Identified high-risk areas 

within DFMEA prompt direct design revisions, looping back 

into FEA simulations for reassessment. This iterative cycle 

continues until design optimization achieves reliability 

targets, risk reduction goals, and regulatory compliance 

requirements. 

This integrated approach also inherently promotes cross-

disciplinary collaboration, merging expertise from 

mechanical engineering, reliability engineering, materials 

science, and systems analysis. Engineers conducting FEA 

simulations benefit from DFMEA-driven insights regarding 

critical failure scenarios, focusing deterministic analyses 

more effectively. Conversely, DFMEA teams leverage robust 

FEA-derived quantitative data, significantly enhancing the 

accuracy and granularity of probabilistic assessments 

(Fredson, et al., 2023, Hanson, et al., 2023, Isibor, et al., 

2023). The conceptual framework thus not only facilitates 

comprehensive reliability assurance but also strengthens 

organizational capabilities through knowledge integration 

and interdisciplinary teamwork. 

An illustrative schematic for the proposed conceptual 

framework may follow this structured sequence: initial 

requirement definition and design inputs clearly defined → 

performance evaluation via rigorous FEA simulation (stress, 

strain, displacement, fatigue) → risk assessment and 

prioritization via systematic DFMEA evaluations (severity, 

occurrence, detectability, RPN scoring) → targeted design 

revisions and modifications driven by integrated analytical 

insights → iterative feedback loop revisiting FEA 

simulations and DFMEA assessments until optimized 

reliability and performance criteria are fully satisfied 

(Chukwuneke, et al., 2021, Ekengwu & Olisakwe, 2021). 

In summary, the proposed conceptual framework 

systematically integrates deterministic FEA simulations with 

structured probabilistic DFMEA assessments into a cohesive 

reliability-centered design strategy. Through clear definition 

of inputs, rigorous computational modeling, comprehensive 

risk evaluation, and iterative refinement loops, the framework 

proactively embeds reliability, safety, and robustness into 

mechanical component designs from initial conception 
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through lifecycle management. This integrated 

methodological synergy provides a rigorous analytical 

pathway for designers and reliability engineers to 

systematically identify, evaluate, and mitigate potential 

failures, ultimately ensuring optimal performance, regulatory 

compliance, and enhanced reliability of mechanical systems 

across diverse engineering applications (Adewale, et al., 

2022, Elete, et al., 2022, Kanu, et al., 2022). 

 

3.3. Reliability Metrics and Risk Mitigation Strategies 
The integration of Finite Element Analysis (FEA) and Design 

Failure Mode and Effects Analysis (DFMEA) within a 

Reliability-Centered Design (RCD) conceptual framework 

necessitates a robust approach to evaluating reliability 

metrics and formulating effective risk mitigation strategies. 

This integration bridges deterministic engineering analysis 

with structured probabilistic assessments, systematically 

quantifying component reliability and prioritizing risk 

mitigation efforts to enhance mechanical system robustness 

and lifecycle performance (Egbuhuzor, et al., 2021, 

Ekengwu, et al., 2021, Isi, et al., 2021). 

Within this integrated approach, reliability indicators can be 

broadly classified into quantitative and qualitative metrics. 

Quantitative reliability indicators primarily derive from 

detailed numerical outputs produced by FEA simulations, 

while qualitative indicators emerge from DFMEA-driven 

expert evaluations and team assessments. Quantitative 

metrics from FEA include critical parameters such as stress 

distribution magnitudes, strain limits, displacement 

measures, and fatigue life predictions. Stress distributions, as 

quantified by von Mises stresses or principal stresses, directly 

indicate whether specific regions of mechanical components 

will withstand applied loads or experience localized material 

yielding and failure (Adikwu, et al., 2023, Ekengwu, et al., 

2023, Mgbecheta, et al., 2023). Strain analyses quantify 

deformation, highlighting potential material behavior beyond 

elastic limits. Displacement metrics detail spatial 

deformation patterns critical for assessing component 

compatibility within larger assemblies. Fatigue life 

predictions quantitatively estimate the number of loading 

cycles mechanical components can reliably sustain before 

failure due to cyclic stresses, significantly influencing 

maintenance schedules and preventive replacement intervals. 

Complementing quantitative reliability indicators, qualitative 

metrics are inherently derived through the structured 

processes embedded in DFMEA. DFMEA emphasizes 

systematic expert evaluation, producing reliability insights 

driven by assessments of severity, occurrence, detectability, 

and their aggregated metric—the Risk Priority Number 

(RPN). Severity scores qualitatively characterize the 

criticality of potential failure modes, capturing the expected 

consequences of failure, including injury risks, system 

downtime, and economic impacts (Agbede, et al., 2021, 

Fredson, et al., 2021, Isibor, et al., 2021). Occurrence scores 

qualitatively reflect failure probability estimates, informed 

by historical data, expert judgment, operational contexts, and 

FEA-derived stress and fatigue indicators. Detectability 

qualitatively measures the capability of identifying failures 

prior to their critical manifestation, typically influenced by 

available inspection and monitoring methodologies. The 

integrated conceptual framework aligns these qualitative 

assessments closely with quantitative FEA outputs, forming 

a cohesive, multidimensional reliability metric system that 

captures both deterministic physical behaviors and 

probabilistic risk scenarios. 

The proposed conceptual framework utilizes a structured 

scoring system to facilitate effective risk evaluation and 

ranking, primarily through the DFMEA's Risk Priority 

Number (RPN). The RPN is calculated by multiplying 

individual scores of severity, occurrence, and detectability for 

each identified failure mode. This multiplicative scoring 

system inherently prioritizes those failure modes representing 

the highest combination of consequence severity, likelihood 

of occurrence, and difficulty of detection. Consequently, 

high-RPN failure modes require immediate design attention 

and mitigation efforts, whereas lower-RPN modes may be 

managed through monitoring or preventive maintenance 

strategies (Adewale, et al., 2023, Elete, et al., 2023, Ngodoo, 

et al., 2023). For instance, failure modes with severe 

consequences, high occurrence probabilities, and poor 

detectability typically produce the highest RPN scores, thus 

necessitating immediate and proactive design interventions. 

An essential step within the integrated framework is 

accurately mapping FEA outputs to DFMEA-identified 

failure modes, effectively translating deterministic analyses 

into structured probabilistic risk evaluations. For example, 

areas of elevated stress concentration identified in FEA 

simulations directly correlate to potential fatigue cracking or 

material yield failure modes assessed in DFMEA. Similarly, 

excessive strain predicted by FEA indicates potential 

deformation-related failure modes, such as loss of 

dimensional tolerance or structural integrity (Chukwuneke, et 

al., 2022, Ewim, et al., 2022, Kanu, et al., 2022). Fatigue life 

predictions generated from cyclic loading simulations 

explicitly map onto DFMEA-identified fatigue-induced 

failure modes, informing the occurrence scoring by 

quantifying expected component lifecycles under realistic 

operating conditions. Accurate mapping ensures precise risk 

characterization, linking deterministic simulation outputs 

directly to their probabilistic failure mode evaluations, 

thereby enhancing the reliability and granularity of DFMEA 

risk assessments. 

The conceptual framework emphasizes clear guidelines for 

implementing risk-informed design modifications based on 

integrated FEA–DFMEA analyses. High-RPN failure modes 

identified through DFMEA become priority targets for 

immediate design modifications, with detailed FEA results 

directly guiding specific intervention strategies. Design 

modification guidelines typically include geometric 

optimization to reduce stress concentrations, selection of 

alternative materials with enhanced fatigue resistance, 

incorporation of redundancy features to mitigate critical 

failure consequences, and improved monitoring systems to 

enhance failure detectability (Ajayi, et al., 2021, Fredson, et 

al., 2021). Moreover, design guidelines encourage 

multidisciplinary collaboration, ensuring engineers across 

structural, materials, manufacturing, and reliability domains 

contribute specialized expertise to comprehensive risk 

mitigation efforts. 

Guidelines for design modifications within this integrated 

approach also recommend iterative reassessment through 

feedback loops, validating the effectiveness of implemented 

changes via subsequent FEA simulations and updated 

DFMEA evaluations. Iterative reassessment ensures design 

modifications achieve desired risk reduction objectives and 

maintain compliance with defined reliability targets. For 

instance, after redesigning a component geometry to alleviate 

identified stress concentrations, revised FEA simulations 
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quantitatively verify reduced stress levels, displacement 

improvements, and enhanced fatigue life predictions 

(Egbuhuzor, et al., 2022, Eze, et al., 2022, Nwulu, et al., 

2022). Updated DFMEA assessments subsequently 

reevaluate severity, occurrence, detectability, and RPN 

scores, confirming effective risk reduction or identifying 

further opportunities for refinement. 

A structured workflow for risk-informed design modification 

within this integrated framework typically follows several 

stages: initial identification of critical failure modes via 

DFMEA using FEA simulation outputs → development of 

targeted design modifications explicitly addressing identified 

risks → iterative reassessment through renewed FEA 

simulations to verify modification effectiveness → updating 

DFMEA evaluations to reflect reduced RPN scores and 

confirm reliability enhancements (Akhigbe, et al., 2021, Ike, 

et al., 2021, Isi, et al., 2021). This cyclical process continues 

iteratively, fostering incremental, evidence-based reliability 

improvements across successive design iterations until 

predetermined reliability objectives are comprehensively 

achieved. 

In practice, the effectiveness of these risk mitigation 

strategies depends significantly on accurately capturing and 

balancing quantitative and qualitative reliability metrics 

throughout the integrated FEA–DFMEA process. 

Emphasizing transparency, structured documentation, and 

clear communication among design teams ensures accurate 

interpretation and implementation of reliability metrics and 

mitigation actions (Adewale, et al., 2022, Ikpambese, Onogu 

& Olisakwe, 2022). Additionally, guidelines recommend 

leveraging advanced analytical tools, digital twin models, and 

integrated data analytics platforms to streamline iterative 

processes, enhance collaboration, and effectively manage 

complex reliability data flows. 

Ultimately, the proposed conceptual framework provides a 

structured, evidence-driven approach to mechanical 

reliability enhancement, systematically integrating detailed 

FEA-driven quantitative analyses with structured DFMEA-

based qualitative risk evaluations. By aligning deterministic 

computational simulations closely with probabilistic risk 

assessment processes, the framework empowers engineers to 

proactively identify, prioritize, and mitigate potential 

component failures from early design phases through 

ongoing lifecycle management (Agbede, et al., 2023, 

Fiemotongha, et al., 2023, Nwakile, et al., 2023). Through its 

robust integration of quantitative and qualitative reliability 

metrics, structured scoring systems, and targeted risk-

informed design modification guidelines, the framework 

ensures mechanical components achieve optimized 

reliability, reduced failure risks, and enhanced long-term 

operational resilience. 

 

3.4 Application Case Studies 
The practical applicability and effectiveness of an integrated 

Reliability-Centered Design (RCD) framework utilizing 

Finite Element Analysis (FEA) and Design Failure Mode and 

Effects Analysis (DFMEA) are vividly illustrated through 

detailed case studies involving critical mechanical 

components within automotive and aerospace sectors. These 

case studies underscore the framework’s capability to 

significantly enhance design reliability, systematically 

identify and mitigate potential failure modes, and provide 

demonstrable improvements over traditional, less-integrated 

design methodologies (Afeku-Amenyo, et al., 2023, Elete, et 

al., 2023, Nwokediegwu, Adeleke & Igunma, 2023). 

An exemplary automotive case study demonstrating the 

practical utility of the integrated RCD framework involves 

the design and analysis of a suspension control arm—a 

critical mechanical component responsible for linking the 

vehicle chassis to the wheel assembly, absorbing dynamic 

loads, and providing steering stability and occupant safety. 

Traditional approaches to designing suspension arms 

typically involve initial geometric definition, simplistic load 

assessments, and basic stress calculations, followed by 

physical prototyping and empirical testing (Ajayi, et al., 

2022, Francis Onotole, et al., 2022, Nwulu, et al., 2022). 

Although practical, this conventional method often results in 

inadequate identification of subtle, long-term reliability 

concerns such as fatigue cracking or stress-induced 

deformation, which are challenging to capture through basic 

calculations or limited physical tests alone. 

Applying the integrated FEA–DFMEA conceptual 

framework, the suspension control arm design process began 

with comprehensive input definition, capturing precise 

operational loading conditions, dynamic stresses, 

environmental exposure factors, and stringent safety criteria. 

Detailed FEA simulations were subsequently conducted, 

employing sophisticated computational models to evaluate 

stress distributions, deformation characteristics, and fatigue 

life estimates under realistic vehicle loading scenarios 

(Egbuhuzor, et al., 2023, Ewim, et al., 2023, Nwulu, et al., 

2023). Results highlighted areas of elevated stress 

concentrations near attachment points and geometric 

transitions, indicating heightened susceptibility to fatigue 

cracking and potential catastrophic failure over extended 

usage cycles. 

These detailed quantitative insights were subsequently 

mapped onto structured DFMEA analyses, systematically 

identifying potential failure modes such as fatigue fracture, 

excessive deformation, and mounting-point damage. Each 

identified failure mode underwent meticulous assessment 

using DFMEA metrics—severity, occurrence, and 

detectability—to calculate precise Risk Priority Numbers 

(RPN). Notably, fatigue-induced failure modes around 

critical stress concentration zones yielded particularly high 

RPN scores, reflecting significant safety risks due to 

potentially undetectable cracks developing over vehicle life 

(Akhigbe, et al., 2022, Fredson, et al., 2022, Nwulu, et al., 

2022). 

Armed with clear quantitative FEA insights and rigorous 

DFMEA risk evaluations, design modifications were targeted 

explicitly at reducing identified high-risk areas. Geometric 

refinements involved introducing optimized fillet radii at 

stress-concentration points, reinforced structural ribs, and 

selectively upgrading materials with enhanced fatigue 

resistance. Iterative feedback loops between updated FEA 

simulations and DFMEA re-assessments validated 

significant reductions in stress concentrations, substantial 

improvements in fatigue life predictions, and corresponding 

reductions in DFMEA RPN scores (Ayo-Farai, et al., 2023, 

Eyeghre, et al., 2023,  Nwulu, et al., 2023). Compared to 

conventional automotive component designs, the integrated 

approach delivered measurable reliability enhancements, 

reducing predicted failure probabilities and extending service 

intervals, ultimately ensuring greater vehicle safety, reduced 

maintenance costs, and increased customer satisfaction. 

Similarly, the aerospace industry provides an illustrative case 

study through the design of a critical turbine blade—a high-
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performance mechanical component operating under 

extremely harsh thermal and mechanical conditions within 

aircraft engines. Conventional turbine blade designs typically 

rely heavily upon empirical correlations, simplified 

analytical methods, and exhaustive physical testing. 

Although functional, these traditional design approaches 

frequently overlook subtle interactions between thermal 

gradients, centrifugal forces, aerodynamic loading, and 

fatigue mechanisms, thereby limiting overall reliability and 

performance potential (Agbede, et al., 2023, Elete, et al., 

2023,  Nwulu, et al., 2023). 

Implementing the integrated FEA–DFMEA conceptual 

framework, turbine blade design began with comprehensive 

requirement definitions, clearly specifying operational thrust 

loads, rotational speeds, thermal gradients, and stringent 

reliability targets mandated by aerospace regulatory 

standards. Advanced FEA simulations meticulously modeled 

complex interactions involving structural stresses, thermal 

strains, displacement under centrifugal loads, and fatigue 

predictions resulting from cyclic thermal and mechanical 

stresses experienced during flight cycles (Ajayi, et al., 2023, 

Eyeghre, et al., 2023, Nwulu, et al., 2023). Detailed 

computational analyses revealed critical stress and strain 

concentrations at the blade root attachment, aerofoil-to-

platform transitions, and trailing-edge regions—areas 

traditionally challenging to assess with conventional 

empirical or simplified analytical techniques. 

Systematic DFMEA assessments subsequently mapped FEA-

derived insights onto probabilistic evaluations of potential 

failure modes, such as creep-induced deformation, thermal 

fatigue cracking, and structural integrity loss at critical 

attachment interfaces. Severity, occurrence, and detectability 

metrics clearly highlighted high-risk failure modes, 

particularly thermal fatigue and creep-related cracking at 

aerofoil-to-platform junctions, directly influencing engine 

performance, maintenance cycles, and aircraft safety 

(Akhigbe, et al., 2023, Fiemotongha, et al., 2023). High RPN 

scores associated with these failure modes necessitated 

immediate, targeted design interventions to enhance 

reliability and mitigate identified risks effectively. 

Consequently, design modifications informed explicitly by 

integrated FEA–DFMEA analyses involved geometric 

optimization to reduce stress concentrations, adoption of 

advanced high-temperature alloys with superior fatigue and 

creep resistance, and selective implementation of cooling 

channels and thermal barrier coatings to manage thermal 

gradients effectively. Iterative refinement through feedback 

loops involving updated FEA simulations and DFMEA 

reassessments confirmed significant stress and strain 

reductions, extended fatigue and creep lifespans, and 

dramatically lowered RPN scores for critical failure modes 

(Edwards & Smallwood, 2023, Ezeamii, et al., 2023). 

Compared with conventional aerospace turbine blade 

designs, the integrated RCD framework provided 

demonstrable reliability enhancements, reducing expected 

failures during service, extending engine inspection intervals, 

improving fuel efficiency through optimized aerodynamic 

profiles, and significantly enhancing flight safety standards. 

The comparative advantages of applying the integrated FEA–

DFMEA RCD framework versus traditional design methods 

are evident across both automotive and aerospace case 

studies. Conventional design methods typically treat 

reliability as a reactive, post-design evaluation process, 

relying on simplified analytical techniques and extensive 

physical prototyping. In contrast, the integrated approach 

proactively embeds rigorous, deterministic FEA simulations 

and structured probabilistic DFMEA assessments directly 

into the design process, ensuring comprehensive early-stage 

identification and mitigation of potential failures 

(Chukwuma, et al., 2022, Fredson, et al., 2022). Such 

proactive design interventions significantly enhance 

reliability, optimize lifecycle performance, and reduce costly 

downstream redesign efforts and maintenance interventions. 

Furthermore, the iterative nature of the integrated framework 

facilitates continuous, incremental reliability improvements, 

enabling targeted refinements directly guided by precise 

computational insights and structured risk assessments. This 

iterative cycle contrasts starkly with conventional linear 

approaches, where reliability concerns often remain 

unresolved until late-stage physical testing or, worse, actual 

field failures (Dienagha, et al., 2021, Egbumokei, et al., 2021, 

Odedeyi, et al., 2020). Thus, the integrated conceptual 

framework demonstrates marked superiority in 

systematically embedding reliability considerations 

throughout the entire design cycle, yielding safer, more 

reliable, and cost-effective mechanical components across 

diverse high-performance engineering applications. 

In summary, automotive suspension arms and aerospace 

turbine blades vividly illustrate the practical applicability and 

substantial benefits derived from implementing an integrated 

FEA–DFMEA Reliability-Centered Design framework. 

Through rigorous computational modeling, structured risk 

prioritization, and targeted iterative design refinements, this 

conceptual framework consistently delivers quantifiable 

reliability enhancements, significant reductions in failure 

probabilities, improved lifecycle management, and superior 

performance compared to traditional design methodologies, 

ultimately reinforcing safety, reliability, and customer 

satisfaction in demanding mechanical applications. 

 

3.5 Integration with PLM and Automation Opportunities 
The integration of a conceptual framework for Reliability-

Centered Design (RCD) of mechanical components utilizing 

Finite Element Analysis (FEA) and Design Failure Mode and 

Effects Analysis (DFMEA) with Product Lifecycle 

Management (PLM) systems opens a new frontier for 

advanced, automated design and optimization workflows. 

This integration not only enhances the systematic approach 

to design reliability but also facilitates the real-time, data-

driven decision-making process throughout the lifecycle of a 

product (Ayo-Farai, et al., 2023, Ezeamii, et al., 2023, 

Obianyo & Eremeeva, 2023). By embedding the framework 

into PLM systems, manufacturers can benefit from a more 

cohesive, streamlined, and intelligent design process, 

enhancing collaboration, tracking, and maintenance 

capabilities while reducing time-to-market and lifecycle 

costs. 

Embedding the RCD framework into PLM systems involves 

aligning product design, analysis, testing, and manufacturing 

processes within a unified digital ecosystem that spans from 

conceptual design to end-of-life management. This is 

achieved by seamlessly integrating FEA and DFMEA tools 

into the PLM architecture, allowing for continuous 

monitoring and evaluation of component reliability 

throughout the product’s lifecycle. By linking these 

analytical tools to the PLM system, the design process 

becomes more adaptive, enabling real-time feedback from 

FEA simulations and DFMEA assessments directly into 
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subsequent design revisions (Adeleke & Peter, 2021, 

Oladosu, et al., 2021, Onukwulu, et al., 2021). This 

integration allows for the iterative application of reliability 

analysis, ensuring that potential failure modes are 

systematically identified, analyzed, and mitigated as the 

design evolves. Through this continuous, feedback-driven 

process, the reliability-centered design philosophy is 

ingrained in every stage of the product lifecycle—from the 

initial conceptualization through to manufacturing and 

operational use. 

One of the most powerful capabilities of integrating RCD 

with PLM is the use of digital twins. A digital twin is a virtual 

representation of a physical asset, capturing both the design 

and operational parameters throughout its lifecycle. By 

integrating FEA and DFMEA directly into the digital twin 

model, manufacturers can achieve a real-time, dynamic 

simulation of how a mechanical component will behave 

under operational conditions. This integration allows for the 

continuous tracking of the component's performance, 

including stress, strain, displacement, and fatigue life, and 

enables proactive monitoring for any deviations from 

expected performance or reliability issues (Ogunwole, et al., 

2022, Okeke, et al., 2022, Onukwulu, et al., 2022). As the 

physical component undergoes wear and tear over time, the 

digital twin evolves with it, ensuring that the data used for 

future analyses and design iterations is always up to date and 

reflective of the component's real-world performance. 

The integration of FEA and DFMEA data with digital twins 

enhances this process by providing a comprehensive, virtual 

monitoring system that continuously tracks performance 

metrics and identifies failure modes before they manifest 

physically. This real-time tracking and predictive capability 

not only improve maintenance schedules but also enhance the 

reliability of systems by allowing engineers to address 

potential issues before they lead to costly failures or 

operational downtime (Sam Bulya, et al., 2023). The digital 

twin model, continuously updated with real-time operational 

data, serves as a powerful predictive tool for lifecycle 

management, enabling design teams to anticipate future 

failure modes, optimize component lifespan, and identify 

opportunities for improvement or redesign long before issues 

arise. 

As the integration of RCD into PLM systems progresses, the 

use of artificial intelligence (AI) and machine learning (ML) 

becomes a natural extension of the framework. AI and ML 

can significantly enhance the accuracy and efficiency of the 

RCD framework by providing predictive capabilities for 

failure modes, accelerating the iteration of FEA simulations, 

and automating the decision-making process. AI/ML 

algorithms can analyze vast amounts of simulation data 

generated by FEA tools, identifying patterns and correlations 

that may be too complex or subtle for traditional methods to 

detect (Adebisi, et al., 2023, Ogu, et al., 2023, Onukwulu, et 

al., 2023). By learning from previous failure data and 

simulation outcomes, AI can predict potential failure modes 

with high accuracy, enabling design engineers to proactively 

address reliability concerns before they manifest in physical 

tests or field operations. 

In particular, AI and ML can assist in the optimization of FEA 

iterations, reducing the time and computational resources 

required to achieve accurate results. Traditionally, FEA 

simulations are computationally expensive and time-

consuming, requiring multiple iterations to refine the design 

and identify the most reliable solution. By leveraging AI/ML 

algorithms, these iterations can be accelerated through 

optimization techniques such as surrogate modeling or 

reinforcement learning, which allow for the exploration of 

design spaces more efficiently (Okeke, et al., 2022, 

Olisakwe, Ekengwu & Ehirim, 2022). These methods can 

significantly reduce the time spent running simulations, 

allowing for quicker evaluations of design alternatives and 

more rapid identification of the optimal configuration with 

the highest reliability. 

Furthermore, AI-driven optimization algorithms can assist in 

automating the DFMEA process, helping engineers identify 

and prioritize failure modes more efficiently. By analyzing 

data from previous DFMEA evaluations, AI algorithms can 

suggest potential failure modes that may not have been 

considered in earlier stages of design, improving the 

comprehensiveness of the failure analysis. Additionally, AI 

can automatically generate RPN scores based on real-time 

FEA outputs, dynamically adjusting the priority of failure 

modes as the design progresses (Adebisi, et al., 2023, Okeke, 

et al., 2023, Onukwulu, et al., 2023). This automation 

reduces human error, enhances consistency in risk 

assessments, and enables quicker decision-making by 

providing designers with real-time, data-driven insights into 

potential risks and mitigation strategies. 

The use of AI/ML to predict failure modes and accelerate 

FEA iterations also enhances the PLM system's ability to 

adapt to changing conditions, both during the design phase 

and throughout the operational lifecycle of the product. By 

continuously feeding new data into the AI/ML models, the 

system can improve its predictive capabilities over time, 

becoming increasingly accurate in forecasting potential 

failure points. This continuous learning process helps to 

refine the design and improve the overall reliability of 

mechanical components, ensuring that the product remains 

reliable and performs optimally throughout its lifecycle, even 

as operational conditions evolve (Chikelu, et al., 2022, 

Otokiti, et al., 2022). 

The integration of RCD with PLM, coupled with the use of 

digital twins and AI/ML, opens up significant opportunities 

for automation in the design, analysis, and manufacturing of 

mechanical components. Automation capabilities within the 

framework enable design teams to focus on higher-level 

strategic decisions while letting AI and digital tools handle 

the repetitive, time-consuming tasks of simulation, failure 

analysis, and risk assessment (Ozobu, et al., 2023, Sam 

Bulya, et al., 2023). Automation not only accelerates the 

design process but also ensures that reliability remains a 

consistent priority across all stages, from early design 

concepts to final product delivery. 

In practice, this integration allows for the seamless transition 

from design to manufacturing, ensuring that the final product 

aligns with the initial reliability goals defined in the RCD 

framework. By embedding the reliability analysis directly 

into the PLM system, manufacturers can ensure that each part 

meets the required performance standards before production 

begins. This minimizes the risk of defects or failures during 

manufacturing and reduces the need for costly rework or 

product recalls (Adeleke, et al., 2021, Oladosu, et al., 2021, 

Onukwulu, et al., 2021). Additionally, the ongoing 

monitoring and predictive capabilities of the digital twin 

ensure that the product remains reliable and safe throughout 

its operational life, enabling manufacturers to optimize 

maintenance schedules and extend the service life of 

components. 
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In summary, the integration of a conceptual framework for 

Reliability-Centered Design using FEA and DFMEA within 

PLM systems presents significant opportunities for 

automating and optimizing the design, manufacturing, and 

lifecycle management of mechanical components. By 

embedding reliability directly into the product development 

process, leveraging digital twins for real-time monitoring, 

and utilizing AI/ML to predict failure modes and accelerate 

iterations, this integrated approach enhances the efficiency, 

accuracy, and robustness of the design process (Okeke, et al., 

2023, Okuh, et al., 2023, Osazuwa, et al., 2023). The result 

is a more reliable product, optimized for performance, safety, 

and longevity, with improved time-to-market and reduced 

lifecycle costs. This integrated framework represents the 

future of mechanical design, offering a comprehensive, data-

driven solution to enhance both product quality and 

operational efficiency. 

 

3.6 Benefits, Challenges, and Limitations 
A conceptual framework for Reliability-Centered Design 

(RCD) of mechanical components, integrating Finite 

Element Analysis (FEA) and Design Failure Mode and 

Effects Analysis (DFMEA), provides several notable 

advantages. The primary strength of this integrated 

framework lies in its ability to systematically address the 

inherent risks associated with mechanical component failures 

from the earliest stages of design. By combining the rigor of 

FEA simulations, which provide quantitative insights into 

stress, strain, displacement, and fatigue life, with the 

structured probabilistic analysis of DFMEA, which focuses 

on identifying and mitigating potential failure modes, the 

framework enables engineers to enhance both the reliability 

and performance of components (Adebisi, et al., 2023, 

Okeke, et al., 2023, Oteri, et al., 2023). The integration of 

these two methodologies creates a feedback loop that fosters 

continuous improvement throughout the design cycle, 

promoting the development of safer, more efficient, and cost-

effective products. 

One of the most significant benefits of the framework is the 

proactive identification of failure modes and associated risks. 

In conventional design processes, the assessment of 

reliability is often a reactive step that occurs after the design 

has been finalized. At this point, addressing reliability issues 

can be costly and time-consuming, particularly if prototypes 

or manufacturing processes have already been implemented. 

In contrast, the integrated RCD framework allows potential 

failure modes to be identified and addressed early in the 

design process (Adeleke, et al., 2022, Okeke, et al., 2022, 

Onukwulu, et al., 2022). Through the application of FEA 

simulations, engineers can evaluate component behavior 

under different operating conditions and identify stress 

concentrations, potential deformations, and other mechanical 

risks before physical prototypes are produced. DFMEA then 

helps prioritize these failure modes based on their severity, 

occurrence, and detectability, allowing design teams to focus 

resources on the most critical areas of concern. This early 

identification and mitigation reduce the likelihood of failure 

during manufacturing or in the field, ensuring that 

components meet performance and safety standards while 

minimizing the need for costly design revisions or product 

recalls. 

The integrated framework also provides a comprehensive and 

holistic approach to reliability that spans the entire product 

lifecycle. Traditional reliability assessments often focus only 

on the design or testing phases, while the integrated 

framework ensures that reliability is continuously evaluated 

throughout the product's development, manufacturing, and 

operational phases. For example, the framework can be 

extended beyond initial design to track the performance of 

components through digital twins or other monitoring 

systems, providing valuable data for ongoing maintenance 

and lifecycle optimization (Adebisi, et al., 2021, Olutimehin, 

et al., 2021, Onukwulu, et al., 2021). This continuous 

monitoring and iterative refinement help ensure that 

components remain reliable over time, reducing the risk of 

failure during their operational lifespan and improving 

overall product longevity. 

Moreover, the integration of FEA and DFMEA streamlines 

the communication between design, engineering, and 

reliability teams, fostering collaboration and improving 

decision-making. With the combined data from FEA 

simulations and DFMEA evaluations, stakeholders from 

various departments—such as materials engineering, 

manufacturing, and quality control—can have a clearer 

understanding of the potential risks and reliability concerns 

associated with the product (Adeleke, 2021, Olisakwe, 

Tuleun & Eloka-Eboka, 2011). This facilitates better-

informed decisions, ensuring that design modifications or 

adjustments are based on comprehensive, data-driven 

insights rather than assumptions or incomplete information. 

Despite these strengths, the implementation of an integrated 

RCD framework in industry settings presents several 

challenges. One of the primary challenges lies in the 

complexity of integrating FEA and DFMEA into existing 

design workflows. Many companies, particularly those with 

legacy systems or traditional design processes, may find it 

difficult to adapt their workflows to accommodate the new 

integrated framework. The adoption of advanced tools for 

FEA and DFMEA requires significant investment in both 

software and training, as well as the potential restructuring of 

design processes (Okeke, et al., 2023, Onukwulu, et al., 2023, 

Onyeke, et al., 2023). For organizations that are not already 

using PLM (Product Lifecycle Management) systems or 

digital simulation tools, this transition can be particularly 

difficult, as it involves changing ingrained practices and 

developing new competencies. 

Furthermore, the application of FEA and DFMEA often 

demands a high level of expertise and experience, which can 

present a barrier for smaller companies or those with limited 

resources. While FEA provides highly detailed and accurate 

insights into component behavior, it also requires advanced 

computational power and expertise to interpret results 

correctly. The same holds true for DFMEA, which requires a 

thorough understanding of both the technical aspects of the 

product and the potential failure modes, as well as the ability 

to assess risk accurately (Adepoju, et al., 2022, Okeke, et al., 

2022, Onukwulu, et al., 2022). These requirements can lead 

to a steep learning curve for new users, and companies may 

need to invest significant time and effort into training their 

engineers and reliability specialists. In some cases, smaller 

organizations may find it challenging to justify the costs of 

adopting and implementing this integrated approach, 

particularly if they lack the infrastructure or personnel to 

support the system. 

Another challenge is the need for accurate and high-quality 

data to support FEA and DFMEA analyses. FEA simulations 

rely on accurate input data regarding material properties, 

boundary conditions, and load scenarios, while DFMEA 
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requires reliable failure rate data and historical performance 

information to make accurate risk assessments. In many 

cases, obtaining this data can be difficult, especially for new 

or innovative products where historical data may not be 

readily available (Adepoju, et al., 2022, Okeke, et al., 2022, 

Oyeniyi, et al., 2022). The lack of reliable data can lead to 

less accurate simulations and risk assessments, potentially 

undermining the effectiveness of the integrated framework. 

Additionally, as designs become more complex and involve 

more variables, the amount of data required to support FEA 

and DFMEA analyses grows exponentially, making it more 

challenging to maintain data accuracy and consistency across 

different design iterations. 

The limitations of current tools used in FEA and DFMEA 

also pose significant challenges. While FEA is a powerful 

tool for simulating and predicting the behavior of mechanical 

components, it is not without its limitations. For instance, 

FEA is highly dependent on the quality of the mesh used to 

discretize the component, and improper meshing can lead to 

inaccurate results. Additionally, FEA is typically based on 

deterministic models, which means that it may not fully 

account for the inherent uncertainties and variations in real-

world materials, manufacturing processes, and operating 

conditions (Okeke, et al., 2023, Onukwulu, et al., 2023, 

Oteri, et al., 2023). As such, FEA can sometimes 

overestimate or underestimate the true reliability of a 

component. On the other hand, DFMEA relies heavily on 

qualitative assessments and expert judgment, which can 

introduce subjectivity and inconsistency into the risk 

evaluation process. Furthermore, DFMEA is often limited by 

its inability to account for complex interactions between 

failure modes, leading to incomplete risk assessments. These 

limitations highlight the need for further development of 

more advanced FEA and DFMEA tools that can better 

account for uncertainties and provide more accurate, data-

driven insights. 

Looking toward the future, there are several potential 

enhancements to address the current limitations of the 

framework. Advances in computational power and machine 

learning (ML) techniques could help improve the accuracy 

and efficiency of FEA simulations by allowing for more 

realistic modeling of complex interactions between 

components and systems. For example, AI and ML 

algorithms could be used to automate the meshing process, 

identify potential design flaws, and optimize FEA models in 

real time (Adepoju, et al., 2023, Okeke, et al., 2023, Onyeke, 

et al., 2023). Similarly, ML could be employed to enhance 

DFMEA by analyzing large datasets and identifying patterns 

or correlations that may not be immediately apparent to 

human evaluators. Additionally, the integration of 

uncertainty quantification methods into FEA and DFMEA 

tools could help address the limitations of deterministic 

models by incorporating variability and uncertainty into the 

analysis, leading to more realistic assessments of component 

reliability. 

In conclusion, while the integrated conceptual framework for 

Reliability-Centered Design using FEA and DFMEA offers 

significant benefits in terms of proactive reliability 

management, early identification of failure modes, and 

improved collaboration, it also faces several challenges. The 

complexity of implementation, the need for specialized 

expertise, and the limitations of current tools all present 

hurdles to widespread adoption (Okeke, et al., 2022, 

Olisakwe, Ikpambese & Tuleun, 2022, Ozobu, et al., 2022). 

However, with advancements in computational methods, data 

analytics, and machine learning, future enhancements to the 

framework could address these challenges, making it a more 

accessible and powerful tool for improving the reliability of 

mechanical components across a wide range of industries. 

 

4. Conclusion and Future Work 
In conclusion, the conceptual framework for Reliability-

Centered Design (RCD) using the integration of Finite 

Element Analysis (FEA) and Design Failure Mode and 

Effects Analysis (DFMEA) represents a significant step 

forward in enhancing the reliability, performance, and overall 

lifecycle management of mechanical components. By 

combining the precision and detail provided by FEA with the 

systematic risk assessment capabilities of DFMEA, this 

integrated approach enables the identification, evaluation, 

and mitigation of failure modes early in the design process, 

reducing the likelihood of product failure and enhancing 

safety, durability, and efficiency. This proactive reliability 

approach not only ensures higher-quality designs but also 

minimizes costly rework, downtime, and post-production 

failures, making it a valuable tool for industries ranging from 

automotive to aerospace, energy, and manufacturing. 

The potential impact of this framework on design culture and 

product reliability is profound. It encourages a shift from 

reactive to proactive design thinking, where reliability is 

embedded into the design process from the outset rather than 

as an afterthought. By prioritizing failure prevention and 

systematically addressing risks throughout the product’s 

lifecycle, organizations can foster a culture of continuous 

improvement, efficiency, and accountability. This integration 

of FEA and DFMEA into product design processes helps 

bridge the gap between traditional design methods and 

modern, data-driven engineering practices, ensuring that 

every decision is informed by robust, evidence-based 

reliability assessments. Furthermore, by ensuring that designs 

are optimized for performance, durability, and safety, the 

framework enhances the overall quality of the final product, 

driving customer satisfaction and long-term operational 

success. 

Looking ahead, there are several avenues for future research 

and development that could further enhance the framework’s 

capabilities and its impact on the design and manufacturing 

industries. One key area of focus is the integration of real-

time analytics into the RCD framework. As components are 

increasingly equipped with sensors and digital twins, the 

ability to monitor performance in real time provides an 

opportunity to continuously assess and update reliability 

metrics as operational conditions evolve. This real-time data 

can feed back into the design and manufacturing process, 

enabling engineers to make timely adjustments, optimize 

performance, and extend the lifecycle of components. 

Integrating real-time analytics with the existing framework 

would lead to a dynamic, adaptive design process that 

continuously improves over time. 

Another promising area for future work is the development 

of adaptive modeling techniques that can account for the 

complexities and variations found in real-world 

environments. While FEA and DFMEA are powerful tools 

for simulating and assessing potential failure modes, they 

often rely on idealized models that do not always capture the 

full spectrum of uncertainty, variability, and dynamic 

interactions present during product use. Future advancements 

in machine learning and artificial intelligence (AI) could 
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enable adaptive models that can continuously learn from real-

world performance data, refine their predictions, and update 

their reliability assessments accordingly. This would enhance 

the accuracy of failure predictions and lead to even more 

robust designs. 

Moreover, future research could explore the integration of 

more advanced uncertainty quantification methods into both 

FEA and DFMEA processes. Incorporating stochastic 

elements into simulations, such as material variability, 

manufacturing tolerances, and environmental factors, could 

provide a more realistic and comprehensive understanding of 

a component’s reliability. This would allow for more accurate 

probabilistic risk assessments, ensuring that designs are 

capable of performing under a broader range of unpredictable 

conditions. 

Incorporating these advances into the RCD framework could 

revolutionize how mechanical components are designed, 

tested, and managed over their entire lifecycle. By integrating 

real-time data, adaptive modeling, and uncertainty 

quantification, this framework has the potential to enhance 

not only the reliability of individual components but also the 

efficiency, safety, and performance of entire systems. As 

these technologies evolve, the framework will become an 

increasingly indispensable tool for engineers striving to 

deliver products that meet the highest standards of 

performance and reliability in an increasingly complex and 

dynamic world. 
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