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Abstract  
 

Power electronic converters have been at the center of industrial systems and various energy systems such as renewable 

energy systems, industrial motor drives, and grid-connected power systems. The systems face harsh conditions, making 

reliability an essential factor for the design. The traditional procedure for the design of converters considers the reliability 

of the system after the parameters have been selected for the design, making it difficult to consider the parameters of the 

system during the design stage. This paper proposes a reliability-oriented design optimization framework for power 

electronic systems operating in industrial and utility-scale applications. The proposed methodology integrates electro-

thermal modeling, physics-of-failure lifetime estimation, and mission-profile-based stress evaluation within a unified 

multi-objective optimization framework. Junction temperature profiles and thermal cycling patterns are obtained through 

electro-thermal simulation under realistic operating conditions. Device lifetime is then estimated using fatigue-based 

models, and the resulting reliability metrics are incorporated into a multi-objective optimization algorithm that considers 

lifetime, efficiency, and system cost. A case study involving a 500-kW grid-connected converter demonstrates the 

effectiveness of the proposed approach. Simulation results show that the optimized design reduces thermal stress and 

increases predicted semiconductor lifetime from 6.8 years to 13.6 years while maintaining high efficiency with a moderate 

increase in system cost. The proposed framework provides a systematic approach for reliability-oriented design of 

industrial power electronic systems. 

Keywords: Power electronics reliability, reliability-oriented design optimization, electro-thermal modeling, mission-

profile-based reliability analysis, physics-of-failure lifetime modeling, multi-objective optimization, SiC power converters, 

industrial power electronic systems. 
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I. INTRODUCTION 
Power electronic devices constitute one of the 

key components of the infrastructure of modern 

industries and large-scale energy grids. High-power 

converters are employed for controlling electrical energy 

for applications such as industrial motor drives, 

renewable energy integration, electric transportation, and 

high-voltage direct current transmission. These devices 

are continuously subjected to harsh electrical and 

environmental stresses and often handle power levels of 

hundreds of kilowatts up to megawatts. For these 

devices, reliability is of major concern, as failures of 

devices and passive components can lead to costly 

process interruption and decreased availability. As 

renewable generation and electrified industrial systems 

expand, the operational reliability of power electronic 

converters has become a central research topic in power 

engineering [1], [2]. Wide band-gap semiconductor 

technologies, particularly silicon carbide (SiC) and 

gallium nitride (GaN) devices, have significantly 

changed the approach to converter design. These devices 

can handle higher switching frequency, efficiency, and 

power density compared to conventional silicon devices. 

However, there are new challenges in terms of reliability 

due to operation at high temperatures and high switching 

speeds. Thermal stress in the packaging structures of 

devices is one of the major factors affecting the 

degradation of the module. Bond-wire fatigue, solder 

layer cracking, and substrate degradation frequently 

appear in high-power converters subjected to repeated 

temperature cycling [3]. Accurate prediction of such 

degradation processes therefore represents an important 

task in converter reliability analysis. 
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Several analytical approaches address these 

challenges. Physics-of-failure (PoF) modeling connects 

degradation mechanisms with electrical and thermal 

stress conditions and has become widely used for 

semiconductor lifetime prediction [4]. Electro-thermal 

modeling methods calculate junction temperature 

variation and thermal cycling patterns in converter 

operation, providing the stress data required for fatigue 

analysis [5]. The other major development in terms of 

reliability analysis is mission profile-based analysis, 

which takes into account time-varying operating 

conditions such as fluctuating load demands, 

temperature variations, and renewable energy sources. 

Mission-profile analysis offers a more realistic 

representation of converter operating conditions than 

steady-state assumptions [6]. Although these techniques 

provide valuable insight into degradation mechanisms 

and stress behavior, reliability evaluation often appears 

after converter design decisions have been made. 

Converter topology selection, device rating, and cooling 

system configuration typically occur before reliability 

evaluation takes place. This separation limits the ability 

to consider reliability metrics during the early design 

phase [7]. In addition, many studies focus on individual 

component reliability rather than the interaction between 

converter architecture, thermal behavior, and long-term 

system performance. Recent research investigates multi-

objective design optimization in which efficiency, cost, 

and reliability appear simultaneously within the design 

procedure [8]. These studies indicate that switching 

frequency, thermal management parameters, and device 

selection strongly influence converter performance and 

lifetime. However, integration of electro-thermal 

simulation, mission-profile stress evaluation, and 

physics-of-failure lifetime estimation inside a single 

optimization framework remains limited in the current 

literature [9]. 

 

This research develops a reliability-oriented 

design optimization framework for power electronic 

converters used in industrial and utility-scale 

applications. The study integrates electro-thermal 

modeling, mission-profile-based stress evaluation, and 

physics-of-failure lifetime estimation within a unified 

multi-objective optimization procedure. The proposed 

framework evaluates the influence of design variables, 

including switching frequency, semiconductor device 

rating, and thermal management characteristics, on 

predicted lifetime, efficiency, and system cost. A system-

level design process identifies converter configurations 

that balance electrical performance and long-term 

operational reliability. Validation is performed through a 

case study involving a high-power grid-connected 

converter operating under an industrial mission profile. 

The results provide quantitative insight into the 

relationship between converter design parameters and 

long-term reliability in industrial power electronic 

systems. 

 

 

II. RELATED WORK 

A. Component-Level Reliability Modeling in Modern 

Power Electronics 

Reliability research in power electronic 

converters often begins with the study of component 

degradation mechanisms. The operating conditions for 

these devices include the operating frequencies and the 

junction temperatures. The use of wide bandgap 

materials such as silicon carbide and gallium nitride for 

the construction of these devices has introduced a new 

set of operating conditions. The conditions include the 

operating frequencies and the junction temperatures. 

These characteristics influence thermal stress and 

packaging degradation in power modules. Recent studies 

investigate failure mechanisms associated with bond-

wire fatigue, solder joint degradation, and gate oxide 

wear in WBG-based converters [1]. Experimental work 

frequently relies on accelerated power cycling tests to 

characterize degradation patterns in semiconductor 

modules. Wang et al. examined thermal cycling effects 

in SiC modules and reported that repetitive temperature 

fluctuations produce progressive damage in 

interconnection structures within the device package [2]. 

In renewable energy converters, Ma et al. analyzed field 

failure statistics and identified semiconductor switches 

and DC-link capacitors as dominant contributors to 

converter downtime [3]. These findings highlight the 

importance of accurate device-level lifetime prediction. 

However, most component-oriented studies focus on 

isolated device testing or simplified converter structures. 

Large industrial systems have many interacting parts, 

and the system-level reliability may not follow the 

device-level performance. Thus, the component models 

will not be sufficient to support the design decisions for 

complex industrial or utility-type converter applications. 

 

B. Physics-of-Failure and Electro-Thermal Lifetime 

Modeling 

Physics-of-failure (PoF) methodologies form 

the theoretical basis for many reliability modeling 

studies in power electronics. PoF approaches relate 

degradation mechanisms to operational stress conditions 

such as temperature, electrical load, and switching 

frequency. Electro-thermal models often provide the 

stress information required for these analyses. Junction 

temperature variation serves as a primary indicator of 

fatigue in semiconductor devices. Lifetime estimation 

methods frequently apply fatigue models such as the 

Coffin–Manson relationship or Arrhenius-based aging 

equations. Recent work has improved electro-thermal 

simulation accuracy for wide-bandgap converters. Zhang 

et al. proposed a coupled electro-thermal model that 

predicts temperature distribution and junction 

temperature variation in SiC MOSFET converters 

operating under dynamic load conditions [4]. Simulation 

results demonstrated strong correlation between 

switching frequency, thermal cycling amplitude, and 

expected device lifetime. Liserre et al. investigated 

reliability-oriented converter design and examined 

temperature-driven degradation in power modules used 
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in industrial power systems [5]. Their study emphasized 

the relationship between thermal management design 

and semiconductor lifetime. Despite these developments, 

PoF-based research often addresses reliability prediction 

after the converter design stage. Designers select 

component ratings, converter topology, and cooling 

systems before reliability evaluation takes place. In this 

sequence, PoF analysis functions as a verification tool 

rather than a design driver. Another limitation appears in 

the availability of accurate stress information. Detailed 

thermal and electrical measurements remain difficult in 

large industrial installations. As a result, PoF models 

rarely appear inside systematic optimization frameworks 

intended for early-stage converter design. 

 

C. Mission-Profile-Based Reliability Analysis in 

Industrial and Renewable Energy Systems 

Power electronic converters operate under 

varying load and environmental conditions. The 

electrical demand in the industrial process will vary, and 

the renewable energy sources will have varying patterns 

depending on the weather conditions. The mission 

profile-based reliability analysis tries to define the time-

dependent patterns of load, temperature, and 

environmental conditions. These data sets support 

lifetime estimation that reflects realistic operating 

scenarios. Several studies have examined mission-

profile-based reliability modeling in renewable energy 

converters. Blaabjerg et al. evaluated photovoltaic 

inverter reliability with mission profiles that incorporate 

solar irradiance variations and ambient temperature data 

[6]. Their analysis showed that dynamic operating 

conditions produce thermal cycling patterns that differ 

from steady-state assumptions used in earlier reliability 

models. Yang et al. investigated wind turbine converters 

and used long-term environmental datasets to estimate 

thermal stress patterns in offshore power modules [7]. 

These results indicate that mission profile information 

influences converter lifetime prediction in renewable 

energy installations. Although mission-profile analysis 

provides improved insight into real operating conditions, 

most studies treat it as a post-design reliability evaluation 

tool. Converter architecture and component ratings 

usually remain fixed before mission profile analysis 

begins. Design decisions rarely incorporate mission 

profile data directly within optimization procedures. 

Industrial and utility-scale power electronic systems 

therefore lack systematic design methods that use 

mission-profile information during topology selection, 

component sizing, or cooling system configuration. 

 

D. Reliability-Aware Control and System-Level 

Optimization Approaches 

Research interest has expanded toward system-

level reliability evaluation and operational strategies that 

influence device stress during converter operation. 

Reliability-aware control methods adjust switching 

patterns or power distribution among converter 

components in order to reduce thermal cycling in 

semiconductor devices. Zhang and Liserre examined 

modulation strategies that reduce junction temperature 

variation in power modules operating in grid-connected 

converters [8]. Their results indicated that operational 

control decisions affect temperature stress levels within 

semiconductor devices. System-level reliability analysis 

also appears in recent optimization research. Hu et al. 

presented a multi-objective optimization framework for 

modular multilevel converters used in high-voltage 

direct current transmission systems [9]. Their model 

incorporated reliability constraints during converter 

design optimization and examined trade-offs between 

efficiency, cost, and component lifetime. Studies of this 

type indicate that reliability metrics influence converter 

architecture and component selection in large-scale 

systems. Nevertheless, several limitations remain in 

current system-level research. Many optimization 

frameworks rely on simplified statistical reliability 

indicators instead of detailed electro-thermal lifetime 

models. Interaction among mission-profile variability, 

electro-thermal stress modeling, and converter design 

parameters remains insufficiently represented in existing 

optimization methods. Furthermore, reliability metrics 

often appear as secondary constraints rather than primary 

design objectives. The reviewed literature demonstrates 

significant progress in component degradation analysis, 

electro-thermal modeling, mission-profile reliability 

assessment, and reliability-aware operational strategies. 

However, integration of these approaches into unified 

design optimization frameworks remains limited. Many 

studies analyze reliability after converter design 

decisions have been finalized. Industrial and utility-scale 

power electronic systems therefore lack systematic 

methodologies that combine physics-based lifetime 

modeling, mission-profile data, and multi-objective 

design optimization. This gap motivates research on 

reliability-oriented design optimization methods capable 

of guiding converter architecture selection and 

component sizing for long-term operation in large-scale 

power electronic applications. 

 

III. METHODOLOGY 
A. Overall Framework 

The proposed methodology integrates 

reliability modeling, electro-thermal analysis, and design 

optimization within a unified computational structure 

suitable for industrial and utility-scale power electronic 

systems. Conventional converter design procedures 

perform reliability evaluation after the design phase. The 

present approach introduces lifetime estimation inside 

the design optimization loop. Converter topology 

parameters, semiconductor device ratings, switching 

frequency, and thermal management characteristics 

serve as primary design variables. Each candidate 

configuration passes through electro thermal simulation 

and lifetime estimation stages before performance 

evaluation within the optimization algorithm. 
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Figure 1: System-Level Reliability-Oriented Design Optimization Architecture 

 

Fig. 1 illustrates the conceptual architecture of 

the reliability-oriented design optimization framework. 

The structure contains four functional blocks: the 

electrical converter model, the electro-thermal stress 

analysis module, the reliability evaluation module, and 

the optimization engine. The converter model calculates 

electrical quantities and power losses for a specified 

parameter set. The electro-thermal module converts 

these electrical losses into temperature distributions in 

semiconductor devices and other thermally stressed 

components. The reliability module evaluates 

degradation using physics-of-failure models and 

cumulative damage analysis. The optimizer adjusts 

design variables according to reliability metrics, 

efficiency measures, and cost indicators. Information 

circulates through this closed computational loop until 

the algorithm reaches convergence. The framework 

addresses converters operating in industrial plants, 

renewable energy installations, and grid-connected 

infrastructure. Such systems operate under varying load 

levels and environmental conditions. Reliability 

evaluation therefore considers the interaction among 

semiconductor devices, passive components, and cooling 

structures rather than isolated device analysis. 

 

B. Electro-Thermal Modeling 

Electro-thermal modeling determines device 

temperature profiles under dynamic operating 

conditions. Semiconductor losses represent the main heat 

sources inside power converters. Total device loss 

consists of conduction loss and switching loss. A 

simplified representation of the power loss model 

appears as 

𝑷𝒍𝒐𝒔𝒔 = 𝑷𝒄𝒐𝒏𝒅+𝑷𝒔𝒘 

 

where 𝑃𝑙𝑜𝑠𝑠 denotes the total semiconductor 

power loss, 𝑷𝒄𝒐𝒏𝒅 represents conduction loss, and 𝑷𝒔𝒘 

corresponds to switching loss. Conduction loss depends 

on device on-state resistance and current magnitude, 

while switching loss depends on switching frequency 

and the overlap of voltage and current during switching 

transitions. 

 

Thermal analysis converts electrical loss into 

device temperature. A thermal resistance network 

represents heat transfer from the semiconductor junction 

to the ambient environment. Junction temperature 

estimation follows 

𝑻𝒋 = 𝑻𝒂 + 𝑷𝒍𝒐𝒔𝒔𝑹𝒕𝒉 

 

where 𝑻𝒋  indicates the device junction 

temperature, 𝑻𝒂 represents ambient temperature, and 

𝑹𝒕𝒉h denotes the equivalent thermal resistance between 

the junction and ambient environment. The resulting 

temperature trajectory reflects thermal cycling during 

converter operation. Temperature fluctuations obtained 

from this stage form the input for lifetime prediction 

models. Thermal cycling amplitude and cycle frequency 

influence degradation mechanisms in semiconductor 

modules and other thermally stressed components. 

Accurate temperature estimation therefore forms a 

central element of the reliability evaluation procedure. 

 

C. Physics-of-Failure-Based Lifetime Estimation 

Physics-of-failure models describe degradation 

in electronic components through relationships between 

stress and material fatigue. Thermal cycling produces 

mechanical strain within solder joints, bond wires, and 

substrate layers inside semiconductor modules. Repeated 

temperature variation leads to crack formation and 

progressive damage in these structures. 

 

The Coffin–Manson fatigue model estimates the number 

of cycles to failure under cyclic thermal stress: 

𝑵𝒇 = 𝑪(𝜟𝑻)−𝒎 

where 𝑵𝒇 denotes the number of cycles to 

failure, 𝛥𝑻 represents temperature swing amplitude, and 
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𝑪  and mmm correspond to material-dependent 

coefficients derived from experimental characterization. 

A larger temperature swing results in a smaller allowable 

cycle count. 

 

Damage accumulation during converter operation 

follows Miner’s rule: 

𝑫 = ∑

𝒏

𝒊=𝟏

𝒏𝒊

𝑵𝒇,𝒊

 

where 𝑫 denotes accumulated fatigue damage, 

𝒏𝒊 indicates the number of cycles experienced under 

stress level 𝒊  and 𝑁𝑓,𝑖  corresponds to the cycle limit 

associated with that stress level. Component failure 

occurs when 𝑫  approaches unity. Lifetime estimation 

converts cumulative damage values into expected 

operating lifetime measured in years. This procedure 

evaluates reliability for semiconductor modules, 

capacitors, and other thermally stressed elements. 

System-level reliability metrics follow through 

aggregation of component lifetimes according to 

converter architecture. 

 

D. Mission-Profile-Based Stress Evaluation 

Industrial and utility-scale converters are 

subjected to time-varying electrical and environmental 

conditions. Renewable energy systems are characterized 

by intermittent power generation, while industrial 

systems are associated with varying electrical demand 

patterns. Mission profile data represent these operating 

conditions through time-series information containing 

load demand, ambient temperature, and grid voltage 

variations. The proposed framework processes mission 

profile information in several stages. Electrical operating 

points are derived from load data contained in the 

mission profile. Electro-thermal simulation then 

produces junction temperature trajectories 

corresponding to each operating point. Rainflow cycle 

counting techniques extract thermal cycles from the 

resulting temperature history. These cycles serve as the 

stress inputs required for fatigue-based lifetime 

estimation. Mission profile information therefore 

influences reliability predictions directly. Converter 

configurations that perform satisfactorily under steady 

conditions may generate excessive thermal cycling under 

realistic operating environments. The methodology 

integrates mission-profile stress evaluation inside the 

optimization loop so that converter design decisions 

reflect expected operating conditions in industrial 

systems. 

 

E. Multi-Objective Optimization Formulation 

Converter design involves competing technical 

and economic requirements. High efficiency reduces 

energy loss, while reliability considerations favor 

designs that limit thermal stress. Component ratings and 

cooling structures influence both system cost and 

reliability performance. The proposed design procedure 

treats these aspects through a multi-objective 

optimization framework. 

 

The optimization problem can be written as 

𝒎𝒊𝒏 𝑭(𝒙) = {𝒇𝟏(𝒙), 𝒇𝟐(𝒙), 𝒇𝟑(𝒙)} 

where  𝒙  represents the vector of design 

variables. Objective 𝒇𝟏(𝒙)  corresponds to reliability 

indicators such as accumulated fatigue damage or 

predicted lifetime. Objective 𝒇𝟐(𝒙) represents efficiency 

loss derived from converter power losses. Objective 

𝒇𝟑(𝒙)  represents economic cost associated with 

semiconductor modules, passive components, and 

thermal management systems. 

 

Table I summarizes the principal design 

variables, reliability indicators, optimization objectives, 

and system constraints used in the framework. 

 

Table I: Design Variables, Reliability Indicators, Objectives, and Constraints 

Category Parameters 

Design Variables Semiconductor device rating, switching frequency, converter topology parameters, heat 

sink thermal resistance 

Reliability Indicators Junction temperature swing, accumulated fatigue damage, predicted component lifetime 

Optimization Objectives Maximize converter lifetime, maximize efficiency, minimize system cost 

Constraints Thermal limits, voltage ratings, current ratings, safe operating margins 

 

A population-based evolutionary search 

algorithm evaluates candidate designs in the parameter 

space. Each candidate undergoes electro-thermal 

simulation followed by lifetime estimation. A Pareto 

frontier is then formed, which represents the Pareto 

optimality of the reliability, efficiency, and cost trade-

off. 

 

 

F. Validation and Case Study 

Method validation relies on a case study 

involving a high-power grid-connected converter 

representative of industrial and renewable energy 

applications. The converter operates under a mission 

profile derived from measured load or generation data. 

Semiconductor parameters correspond to modern wide-

bandgap devices used in medium-voltage converter 

systems. 
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Figure 2: Computational Workflow of the Optimization Algorithm 

 

Fig. 2 illustrates the computational workflow 

used in the optimization procedure. The process begins 

with initialization of design variables and mission profile 

inputs. The electro-thermal simulation module calculates 

device losses and temperature profiles for each candidate 

configuration. Thermal cycle extraction and fatigue 

analysis determine component lifetime. Reliability 

metrics and efficiency metrics are fed into the multi-

objective optimization algorithm, which produces new 

design candidates through iterative search operations. 

This process continues until convergence conditions are 

met, at which point the algorithm finds the Pareto 

optimal solutions. Performance evaluation involves 

comparing the optimized design of the converter with 

baseline configurations, which are commonly used in 

industrial applications. Key metrics include predicted 

component lifetime, converter efficiency, thermal stress 

levels, and system cost. Results obtained from this 

analysis provide quantitative insight into the interaction 

between design parameters and long-term reliability in 

industrial and utility-scale power electronic systems. 

 

IV. DISCUSSION AND RESULTS 
A. Case Study Setup and Simulation Parameters 

Evaluation of the proposed design framework 

was performed through a case study involving a grid-

connected three-phase voltage source converter typical 

of industrial motor drives and renewable energy 

interfaces. The converter operates at a rated power level 

of 500 kW and connects to a medium-voltage 

distribution network through an LCL filter. Silicon 

carbide (SiC) MOSFET modules were selected as 

switching devices because of their widespread use in 

modern high-power converters and their capability to 

operate at elevated switching frequencies and junction 

temperatures. The mission profile implemented in 

simulation is based on a 24-hour industrial mission 

profile derived from recorded plant demand profiles. The 

electrical loading is between 30% and 100% of rated 

power. The temperature variation is between 20°C and 

40°C. The baseline configuration operates at a switching 

frequency of 20 kHz. The optimization framework 

considers switching frequencies between 10 kHz and 30 

kHz in order to assess their effect on power loss and 

thermal stress. Cooling system characteristics are 

represented through thermal resistance values ranging 

from 0.08 °C/W to 0.18 °C/W, corresponding to different 

heat sink and forced-air cooling configurations. Electro-

thermal simulation calculates instantaneous device 

power loss and junction temperature throughout the 

mission profile. Rainflow cycle counting extracts 

temperature cycles from the simulated junction 

temperature trajectory. These cycles provide input data 

for fatigue-based lifetime estimation using the physics-

of-failure model introduced earlier. Three design 

scenarios were evaluated: a baseline industrial converter 

configuration, a thermally improved configuration with 

moderate cooling improvements, and an optimized 

design obtained from the proposed reliability-oriented 

design framework. 

 

B. Electro-Thermal Performance Results 

Electro-thermal simulation reveals clear 

differences in temperature behavior among the 

investigated converter configurations. The baseline 

design exhibits significant thermal variation during high-

load intervals. Junction temperature ranges from 

approximately 55°C during low-load operation to nearly 

112°C during peak power conditions. These fluctuations 

result from higher switching losses and limited thermal 

dissipation capability in the baseline cooling system. The 

thermally improved configuration demonstrates 

moderate temperature reduction. Improved cooling 

performance lowers the maximum junction temperature 
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to approximately 102°C. However, thermal cycling 

amplitude remains relatively large because switching 

frequency and semiconductor ratings remain unchanged. 

The optimized design obtained through the proposed 

framework shows lower peak temperature and smaller 

temperature fluctuations. Junction temperature varies 

between approximately 50°C and 94°C across the entire 

mission profile. Reduced temperature peaks result from 

coordinated adjustment of switching frequency, 

semiconductor device selection, and heat sink thermal 

resistance. 

Figure 3 illustrates junction temperature 

profiles obtained from electro-thermal simulation for 

three representative converter configurations. The figure 

presents junction temperature as a function of time across 

the mission profile. The baseline configuration exhibits 

pronounced temperature peaks during heavy load 

intervals. The optimized configuration is seen to have 

smoother temperature variation and lower temperature 

peaks compared to the baseline configuration. 

 

 
Figure 3: Junction temperature variation across the mission profile for baseline, thermally improved, and 

optimized converter configurations 

 

Thermal cycling amplitude strongly influences 

semiconductor fatigue mechanisms. For the baseline 

design, the average temperature swing per load cycle 

reaches approximately 42°C. The optimized design 

reduces this value to about 26°C. Because fatigue 

damage increases rapidly with temperature swing 

amplitude, this reduction produces a substantial 

improvement in predicted device lifetime. 

 

C. Lifetime and Reliability Evaluation 

Fatigue-based lifetime estimation indicates 

substantial improvement in reliability for converter 

designs generated through the proposed optimization 

framework. Thermal cycle data extracted from electro-

thermal simulations were used to compute cumulative 

fatigue damage according to the Coffin–Manson model 

and Miner’s rule. The baseline converter configuration 

exhibits an estimated semiconductor device lifetime of 

approximately 6.8 years under the given mission profile. 

Large temperature swings and relatively high switching 

losses accelerate fatigue accumulation in the device 

packaging structure. The thermally improved 

configuration shows an estimated lifetime of about 9.4 

years. Reduced peak temperature slows the rate of 

fatigue damage accumulation; however, thermal cycling 

amplitude remains significant. The optimized design 

achieves a predicted semiconductor lifetime of 

approximately 13.6 years. This improvement 

corresponds to nearly a twofold increase relative to the 

baseline configuration. Reduced temperature variation 

and lower average junction temperature contribute to 

slower fatigue accumulation. Cumulative damage 

analysis provides additional insight into degradation 

behavior. The baseline configuration accumulates 

fatigue damage approximately 1.8 times faster than the 

optimized configuration. Lower damage accumulation 

directly translates into longer service intervals and 

reduced maintenance frequency for industrial converter 

installations. 

 

D. Multi-Objective Optimization Results and Trade-

Off Analysis 

The multi-objective optimization algorithm 

generates a set of Pareto optimal solutions that 

correspond to different trade-offs between reliability, 

efficiency, and cost. Each candidate solution corresponds 

to a converter configuration evaluated through electro-

thermal simulation and lifetime prediction. 

 

Figure 4 presents the Pareto frontier obtained 

from the optimization process. The horizontal axis 

represents relative system cost, while the vertical axis 

indicates predicted converter lifetime. Marker color 

represents converter efficiency. 
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Figure 4: Pareto frontier illustrating trade-offs among predicted lifetime, system cost, and efficiency for optimized 

converter configurations 

 

Results reveal a clear relationship between 

reliability and hardware cost. Converter designs located 

in the high-lifetime region of the Pareto frontier 

incorporate lower switching frequency and improved 

cooling systems. These configurations reduce thermal 

stress but require additional cooling hardware and larger 

semiconductor devices. Lower-cost designs appear 

toward the opposite end of the frontier. These 

configurations use smaller heat sinks and higher 

switching frequencies. While these designs reduce 

capital cost, thermal stress increases and predicted 

lifetime decreases. Efficiency variation across the 

frontier remains relatively small. The highest efficiency 

values occur near moderate switching frequencies 

between 15 kHz and 18 kHz. Lower frequencies reduce 

switching losses but may increase conduction losses 

because larger current ripple occurs in the converter. 

Optimization highlights the intermediate values of 

switching frequency as a compromise between efficiency 

and thermal performance. The Pareto frontier presents 

several design options that are viable, as opposed to a 

single optimal design option. Engineers can pick a design 

based on particular project requirements, such as long-

term reliability or low initial investment. 

 

Thermal stress behavior was further examined 

through analysis of junction temperature cycle 

amplitudes extracted from the mission-profile-based 

electro-thermal simulation. Temperature cycles were 

obtained using the rainflow cycle counting technique 

applied to the junction temperature profiles. This 

analysis provides insight into the distribution of 

temperature swings experienced by semiconductor 

devices during converter operation. 

 

Figure 5 presents the histogram of junction 

temperature cycle amplitudes for both baseline and 

optimized converter configurations. The baseline design 

shows a wider distribution of temperature swings with a 

considerable number of cycles exceeding 35 °C. These 

larger thermal swings accelerate fatigue degradation in 

device packaging structures such as solder joints and 

bond wires.  

 

 
Figure 5: Histogram of junction temperature cycle amplitudes obtained from rainflow cycle counting for baseline 

and optimized converter configurations 
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In contrast, the optimized converter 

configuration exhibits a narrower temperature cycle 

distribution. Most cycles occur between 15 °C and 30 °C, 

indicating reduced thermal stress during operation. The 

reduction in temperature swing amplitude decreases 

cumulative fatigue damage predicted by the Coffin 

Manson model and contributes to longer semiconductor 

lifetime. 

E. Comparison with Baseline Designs 

Performance metrics obtained from the three 

design scenarios are summarized in Table 2. The table 

presents switching frequency, cooling system 

characteristics, predicted lifetime, efficiency, and 

relative cost index. 

 

Table 2: Performance Comparison of Converter Design Scenarios 

Design Scenario Switching 

Frequency (kHz) 

Cooling Thermal 

Resistance (°C/W) 

Estimated 

Lifetime (years) 

Efficiency 

(%) 

Relative 

Cost Index 

Baseline Design 20 0.18 6.8 96.1 1.00 

Improved Thermal 

Design 

18 0.12 9.4 96.5 1.08 

Optimized Design 

(Proposed Method) 

16 0.09 13.6 96.9 1.14 

 

The optimized configuration increases 

predicted converter lifetime from 6.8 years to 13.6 years. 

Efficiency also increases slightly due to improved 

switching frequency selection and reduced thermal 

stress. System cost increases by approximately 14% 

compared with the baseline design. This increase results 

mainly from larger heat sink capacity and higher-rated 

semiconductor devices. Although the optimized 

configuration requires modest additional investment, the 

extended lifetime significantly reduces maintenance 

frequency and equipment replacement cost during long-

term operation. 

 

F. Discussion on Design Implications and Insights 

Results reveal several relationships between 

converter design parameters and reliability performance. 

Thermal management strongly influences semiconductor 

lifetime. Reduction of heat sink thermal resistance 

lowers junction temperature peaks and reduces 

temperature swing amplitude. Even moderate 

improvements in cooling capability lead to substantial 

lifetime extension. Switching frequency also plays an 

important role. Higher switching frequency increases 

switching losses and device temperature. Lower 

switching frequency reduces switching loss but may 

introduce larger current ripple. Optimization results 

show that moderate switching frequency values offer 

balanced performance. Mission-profile evaluation 

reveals the importance of realistic operating conditions 

in reliability assessment. Temperature cycles observed 

under mission-profile operation differ significantly from 

steady-state thermal conditions. Converter designs that 

appear acceptable under constant load may experience 

higher stress when subjected to realistic operating 

patterns. System-level analysis also indicates that 

improvements in semiconductor lifetime influence 

overall converter reliability. Industrial converters often 

operate continuously over extended periods; therefore, 

extended device lifetime directly affects maintenance 

intervals and system availability. The Pareto frontier 

produced in this study provides practical guidance for 

design engineers. Instead of a single solution, the 

optimization framework presents several configurations 

with different trade-offs among cost, efficiency, and 

predicted lifetime. Engineers may select the most 

appropriate design according to application 

requirements. 

 

G. Limitations of the Study 

Several modeling assumptions influence the 

accuracy of the reported results. The electro-thermal 

model uses a lumped thermal resistance representation 

rather than detailed three-dimensional thermal analysis. 

This approach simplifies simulation but does not capture 

localized temperature gradients inside semiconductor 

packages. More detailed thermal modeling may produce 

different temperature distributions. Lifetime estimation 

relies on fatigue parameters derived from laboratory 

testing. Field conditions such as vibration, humidity, and 

manufacturing variation may influence degradation 

behavior differently. The mission profile used in this 

study represents a typical industrial load cycle, yet 

operating conditions vary across different facilities and 

geographic regions. The optimization framework also 

considers a limited number of design variables. 

Parameters such as modulation strategy, advanced 

cooling technologies, and packaging design were not 

included. Experimental validation using long-term 

operational data would further confirm the predicted 

lifetime improvements. Future studies may incorporate 

additional design variables and higher-fidelity thermal 

models to extend reliability-oriented design optimization 

for large-scale power electronic systems. 

 

V. CONCLUSION  
This study presented a reliability-oriented 

design optimization framework for power electronic 

systems used in industrial and utility-scale applications. 

The methodology integrates electro-thermal modeling, 

mission-profile-based stress evaluation, and physics-of-

failure lifetime estimation within a multi-objective 

optimization procedure. Results from the case study 

show that converter design parameters, including 

switching frequency, semiconductor device rating, and 
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cooling system characteristics, strongly influence 

junction temperature behavior and fatigue accumulation 

in power modules. The optimization process generated 

several feasible design solutions representing trade-offs 

among reliability, efficiency, and system cost. Compared 

with a conventional converter configuration, the 

optimized design achieved a significant increase in 

predicted semiconductor lifetime while maintaining high 

efficiency and only a moderate increase in cost. These 

findings indicate that reliability considerations can be 

incorporated into the early stages of converter design, 

allowing system-level evaluation of long-term 

operational performance in industrial power electronic 

systems. 

 

Future work may extend the proposed 

framework through inclusion of additional design 

parameters and more detailed thermal models. Three-

dimensional thermal analysis could provide more 

accurate representation of temperature distribution inside 

semiconductor packages. Experimental validation using 

long-term operational measurements from industrial 

converter installations would provide further 

confirmation of the predicted lifetime improvement. 

Additional studies may also investigate alternative 

converter topologies, advanced cooling technologies, 

and real-time operational data integration within the 

optimization procedure. Such developments would 

contribute to improved reliability-oriented design 

methods for next-generation power electronic systems 

deployed in large industrial and energy infrastructures. 
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