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Análise de Fiabilidade de Ativos Físicos Industriais 

 

Resumo 

 

Esta dissertação de mestrado dedica-se ao estudo e análise de fiabilidade de ativos 

físicos industriais, com ênfase na linha de curtume de uma empresa de produção de 

couro. 

A investigação visa analisar e modelar a vida (e os seus parâmetros) de ativos físicos 

críticos via distribuições estatísticas; traçar conclusões sobre a fase de vida dos 

equipamentos e melhorar os indicadores de fiabilidade do sistema com auxílio a 

estratégias de redundância.  

Através do histórico de avarias dos diversos elementos da linha de curtume, extraíram-

se os tempos até às falhas (TTF) via um código escrito em Python pelo autor. Este 

algoritmo permite conectar-se à base de dados SQL, onde se encontra tabelado o 

histórico de manutenção, e efetuar os cálculos necessárias para o estudo de fiabilidade. 

Os dados considerados têm como data de início o ano de 2021 para as pinças de 

transporte, tapete transportador e máquina de dividir e 2019 para a máquina de 

descarna.  

Foi aplicada a distribuição de Weibull de 2 parâmetros para os quatro ativos, validada 

pelo teste de chi-quadrado. Concluiu-se que os quatro equipamentos se encontravam 

na fase de vida “mortalidade infantil”, apesar de, conceptualmente, ultrapassarem já esta 

fase. A razão para tal fenómeno pode estar escondido na possibilidade de os 

equipamentos estarem a resistir a esta transição (de mortalidade infantil para vida útil), 

devido a reparações imperfeitas. 

Com respaldo a funções principais da fiabilidade, determinaram-se, para cada ativo, a 

probabilidade de sucesso a 50, 100, 150, 300 e 500 horas e o tempo médio entre avarias 

(MTBF). Na medida em que os bens, configurados em série, apresentavam valores de 

fiabilidade relativamente baixos, foram apresentados quatro modelos de redundância 

(paralelo ativo, paralelo-série, paralelo standby e paralelo standby-série), que 

permitiram incrementar os resultados. 

 

 

Palavras-chave: Fiabilidade, curtume, distribuições de vida, MTBF, redundância 
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Reliability Analysis of Industrial Physical Assets 

 

Abstract 

 

This master’s dissertation is dedicated to the study and reliability analysis of industrial 

physical assets, with an emphasis on the beamhouse line of a leather production 

company. 

The research aims to analyze and model the life (and its parameters) of critical physical 

assets using statistical distributions; draw conclusions about the life-cycle phase of the 

equipment; and improve the system’s reliability indicators through redundancy 

strategies. 

Using the repair history of various elements in the beamhouse line, the times to failure 

(TTF) were extracted via Python code written by the author. This algorithm connects to 

the SQL database, where the maintenance history is stored, and performs the 

calculations required for the reliability study. The data considered start in 2021 for the 

transport clamp machine, conveyor belt and lime splitting machine, and in 2019 for the 

fleshing machine. 

A 2-parameter Weibull distribution was applied to the four assets and validated through 

the chi-square goodness-of-fit test. It was concluded that the four pieces of equipment 

were in the infant mortality life phase, despite, theoretically, having already surpassed 

this stage. The reason for this phenomenon may lie in the possibility that the equipment 

is resisting this transition (from infant mortality to useful life) due to imperfect repairs. 

Based on fundamental reliability functions, the probability of success at 50, 100, 150, 

300 and 500 hours, and the mean time between failures (MTBF) were determined for 

each asset. Since the assets, which follow a series configuration, showed low reliability 

values, four redundancy models (parallel system, parallel-series, standby system and 

standby-series) were presented to improve the results. 
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1. Introduction 

1.1 Scope 

The scope of this thesis encompasses the reliability analysis of industrial physical assets, 

focusing on applying reliability engineering principles to determine the probability and 

capability of parts, components and systems to perform their required functions under 

specified conditions, during a determined time interval. 

The analysis will be carried out on the beamhouse line of a leather producing company. 

The beamhouse operations include soaking, liming, and removal of extraneous tissues, 

such as unhairing and fleshing. 

This research will study the life characteristics of the critical components that compose 

the beamhouse line. This includes the probability of failure and success according to the 

specified required functions, environmental conditions, and the mission duration; and the 

mean time between failures (MTBF) of the assets and the system itself. 

Reliability analysis provides a systematic approach to understanding and reducing the 

risks associated with equipment failure. The principles of reliability may be applied 

systematically to enhance the performance of the longevity of the organization’s assets, 

by optimizing maintenance schedules, and reduce operational costs. 

1.2 Motivation 

As industries seek to improve productivity and competitiveness, the reliability of physical 

assets is critical to performing uninterrupted operational activity and to performing at 

optimal levels. This is especially the case in the leather industry, which is a process 

intensive sector, where the failure of critical assets may result in production disruptions 

and financial losses. 

The beamhouse line is crucial to leather manufacturing and includes soaking, liming and 

dehairing processes required to prepare raw hides for additional treatment. Due to 

beamhouse’s prominence in the production process, a breakdown will delay other 
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downstream processes, increasing downtime and maintenance costs and thus, lowering 

output. 

This study is further driven by a real-world application: the beamhouse line of a 

producing-leather company, which generously provided detailed operational data for 

analysis. The collaboration with this company displays the applied value of the research, 

as it will enable targeted, strategic improvements in reliability of their production 

processes. In addition, the results of this study have the capability to act as a template 

for reliability improvements in other industrial contexts. 

From an academic perspective, this research looks into reliability engineering by 

exploring its applications in a relatively under-researched domain. While reliability 

analysis has been extensively applied in sectors such as maritime, aerospace, and 

automotive manufacturing, its implementation in traditional industries like leather 

production remains limited. 

Ultimately, this research is motivated by the convergence of practical and theoretical 

implications: the need to determine the reliability and life-characteristics of the 

beamhouse line for the leather-producing company, and the opportunity to apply the 

reliability engineering principles to a new industrial domain. 

1.3 Objectives 

The primary objective of this study is to develop a mathematical and statistical model for 

the items of the beamhouse line and for the overall system. This model aims to 

characterize the life cycle of critical assets involved in the production process of a leather 

manufacturing company.  

By employing this model, it will be possible to determine whether these assets are at the 

beginning of their life cycle, within their useful life, or approaching the wear out phase. 

Moreover, based on the life cycle characteristics of equipment that constitutes the line, 

the analysis will yield insights regarding maintenance activities. In particular, it will 

provide guidance on the optimal frequency of predetermined maintenance activities. 

Ultimately, a key goal of this thesis is to determine the reliability of the system and of 

each piece of equipment at 50, 100, 150, 300 and 500 hours. These results will support 

meaningful conclusions and help quantify the potential for performance improvement. 

1.4 Document’s structure 

Chapter 1 provides information regarding the objectives, goals, scope and motivation of 

this study.  
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Chapter 2 combines a number of unique reliability analysis carried out using Weibull, 

exponential, normal and lognormal distributions.  

Chapter 3 covers, initially, the history of reliability engineering. Moreover, throughout the 

chapter, reliability is covered in big detail: lifetime distributions (most frequently used: 

exponential, Weibull, normal and lognormal distribution), confidence levels (beta-

binomial, Fisher’s matrix and likelihood ratio bounds) , goodness of fit (GOF) tests (chi-

square, Kolmogorov-Smirnov, Cramér-von Mises, Anderson-Darling and correlation 

coefficient) and system’s reliability (series, parallel, stand-by, complex, and k-out-of-n 

configurations). 

Chapter 4 applies the theoretical concepts of reliability engineering to a beamhouse line 

of a leather-producing company, determining fundamental functions of each piece of 

equipment, reliability of the overall system and suggesting potential performance 

improvements. 
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2. State of the art 

Reliability analysis represents the study of lifetimes that can be employed on various 

items and equipment. For example, a general exponential distribution was applied to 

electronic device [1], under different voltage levels. 

The paper by Lemes et al. [2] demonstrates the application of exponential distribution in 

the reliability analysis of electronic equipment based on warranty failure data (Figure 

2.1), in particular telecommunication equipment motherboards . Specifically, it uses this 

distribution to model the time to failure for electronic components, which is common in 

reliability assessments due to random nature of failures. The method facilitates the 

estimation of the failure parameter, allowing the calculation of reliability functions. 

 

 
Figure 2.1 - Monthly production lot and reported failures in the analysis period [2]. 

 

Figure 2.1 represents the number of lots produced every month (table on the left side) 

and the number of reported failures (scheme on the left side), until the end of the warranty 

period. 

Ehlich et al. [3] presents a case study on applying reliability measurement to a large-

scale software system, specifically Remote Measurement System-Digital 1 (RMS-D1) at 

AT&T Bell Laboratories. The study focuses on using reliability modeling to determine 

when to stop testing during the system’s development. The authors employed an 

empirical approach, analyzing failure data collected during the system’s load testing 

phase. This involved a controlled load test simulating real-world usage patterns. They 

used an exponential nonhomogeneous Poisson process model to analyze the failure 
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data and predict future reliability. This model assumes that the failure rate decreases 

exponentially over time as faults are connected. The model’s parameters were estimated 

using maximum likelihood estimation and regression analysis. The study found that the 

exponential model provided a reasonably good fit to the failure data, particularly after 

60% of the load testing was complete. The authors used the model to estimate the failure 

rate at different points in the testing process and to predict the additional testing time 

required to reach a target reliability level (Figure 2.2). 

 

 
Figure 2.2 - Applying the exponential nonhomogeneous Poisson process model to RMS-D1's 

load test at 25% into load test, the estimated failure intensity is 0,110 failures per command 

executed [3]. 

 

Figure 2.2 displays the failure rate, measured as failures per command executed, plotted 

against millions of cumulative commands for the RMS-D1 system at 25% completion of 

its load test. The graph shows a failure intensity significantly higher than the target 

objective of 0,010. The observed failure intensity at this point is approximately 0,110, 

indicating a need for continued testing and debugging before the system reaches the 

desired reliability level. The visual representation clearly demonstrates the inadequacy 

of the system’s reliability at this early stage of testing. 

Ahmed et al. [4] presented a case study of reliability analysis of ATM machines in Sudan. 

Among common types of faults in ATM, this study only considered data of out of journals. 

The authors found that all five machines selected had a constant failure rate (Figure 2.3), 

which meant that the times to failure (TTF) follow an exponential distribution lifetime. 

 



 

7 

 
Figure 2.3 - Results of reliability model test of machines (adapted from [4]). 

 

Figure 2.3 shows the failure rate of the five ATM at different time periods. It is observed 

that over time, the hazard rate remains constant, which is characteristic of the 

exponential distribution. Besides that, the figure depicts the reliability function, which is 

decreasing over time. 

Pham [5] mentions various studies where Weibull distribution was applied for reliability 

analysis. In particular, failure of brittle and composite materials, yield strength of steel, 

fatigue life of steel (Figure 2.4); pitting corrosion in pipes, fracture strength of glass 

(Figure 2.5) and adhesive wear in metals.  

 

 
Figure 2.4 - Weibull probability plot for alloy T7987 fatigue life [5]. 
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Figure 2.4 illustrates the fit of Weibull distribution for modeling the lifetime of T7987 alloy 

under fatigue conditions. The investigation considered 67 specimens of the alloy that 

failed before having accumulated 300 thousand cycles of testing [6]. 

 

 
Figure 2.5 - Comparison of the experimental values of probability versus fracture stress from 

bend tests with those calculated using the Weibull distribution function [7]. 

 

Figure 2.5 presents a validation of the Weibull distribution model for predicting fracture 

probability in Pyrex glass specimens subjected to bend testing. The graph plots 

cumulative probability of fracture against applied stress (σ) ranging from 70 to 180 

MN/m2, where experimental data points (solid circles) are compared with the theoretical 

Weibull distribution curve (solid line). The experimental data exhibits the characteristic 

S-shape behavior expected from brittle fracture statistics, with fracture probability 

increasing from near zero at lower stresses to approaching unity at higher stress levels. 

The close correspondence between experimental measurements and the Weibull 

prediction demonstrates the validity of using this statistical framework to model the 

inherent variability in glass strength due to random flaw distributions. This agreement 

supports the fundamental assumption that fracture initiation in brittle materials follows 

Weibull statistics, thereby providing confidence in the derived Weibull parameters (m – 

shape parameter, σu – characteristic parameter and σo – scale parameter) for 

subsequent analysis and engineering applications. 

Furthermore, Weibull distribution has been used as a model in diverse disciplines to 

study many different issues, such as geophysics, food science, social science, 

environment, nature and medical science (Figure 2.6) [5]. 
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Figure 2.6 - Four population-adjusted causes of death (∙) and their best fitting Weibull functions. 

(a) Probability density representation. (b) Survivorship representation [8]. 

 

Juckett and Rosenberg [8] demonstrated that human disease-specific mortality patterns 

follow a discrete, integer-based Weibull law characterized by periodic clustering of shape 

and scale parameters, suggesting that age-related death is governed by quantized 

biological mechanisms rather than continuous stochastic processes across different 

populations and causes of death. Figure 2.6 demonstrates the effectiveness of Weibull 

functions in modeling cause-specific mortality distributions through two complementary 

visualizations. Panel (a) presents the empirical mortality data as probability density 

functions, where each curve represents the normalized frequency of deaths at specific 

ages for different disease categories, typically exhibiting unimodal, right-skewed 

distributions that reflect the varying age patterns of disease-specific mortality. Panel (b) 

transforms these same data into reliability curves, illustrating the cumulative probability 

of survival beyond each age and providing insight into the timing and progression of 

mortality risk across the lifespan. 

Dolas et al. [9] presented a comprehensive reliability analysis of diesel engines using the 

two-parameter Weibull distribution, demonstrating its effectiveness as a statistical model 

for failure prediction and maintenance planning. The research employs maximum 

likelihood estimation techniques to determine the shape and scale parameters from 
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empirical failure data collected from twenty diesel engines under operational conditions. 

The study validates the Weibull model’s capability to accurately represent failure 

patterns, enabling the derivation of critical reliability metrics including survival probability 

functions, failure rate functions, and unreliability estimates (Figure 2.7). 

 

 
Figure 2.7 - (a) Weibull probability plot. (b) Reliability Vs Time plot. (c) Failure rate Vs Time plot. 

(d) Unreliability Vs Time plot [9]. 

 

The four graphs illustrated in Figure 2.7 provide a comprehensive visual validation of the 

Weibull distribution’s applicability to diesel engine failure analysis. Figure 2.7 (a) displays 

the Weibull probability plot, where empirical failure data points align approximately along 

a straight line against the theoretical Weibull distribution. Figure 2.7 (b) illustrates the 

reliability versus time relationship, showing a monotonically decreasing curve that 

represents the probability of engine survival without failure, starting from unity and 

asymptotically approaching zero as operational time increases. Figure 2.7 (c) presents 

the failure rate over time, revealing the temporal evolution of failures, or wear-out 

patterns characteristic of aging systems. Figure 2.7 (d) complements the reliability 

analysis by depicting unreliability versus time, showing an increasing curve that 

approaches unity, representing the cumulative probability of failure occurrence.  



 

11 

Abramovich and Baburin [10] have looked into failure statistic data of power supply 

systems’ elements for gas pumping compressor stations. The authors have applied the 

Weibull distribution to determine the life parameters. 

Clement and Lasky [11] have presented a study comparing various solder alloys, used 

in electronics, applying Weibull distribution. Specifically, focusing on lead-free solders 

such as SAC105, SAC305 and SACM against traditional tin-lead (SnPb) solder (Figure 

2.8). 

 

 
Figure 2.8 - Probability plot for all four variables [11]. 

 

Figure 2.8 exhibits Weibull probability plot for all four solder alloys. The plot presents the 

cumulative failure probabilities of each material under thermal cycling stress, with 

reliability curves fitted using LSXY estimation methods. The x-axis represents the 

number of cycles to failure, plotted on a logarithmic scale, while the y-axis indicates the 

cumulative percentage of failed samples. Among the materials tested, SACM 

demonstrates the highest scale parameter (η = 2087,15), indicating the longest expected 

life before failure. It also shows a relatively high shape parameter (β = 5,52), suggesting 

a predictable wear-out failure pattern. SnPb and SAC105 also exhibit high β values (7,03 

and 7,92, respectively), indicating strong reliability and consistency in failure behavior. 

In contrast, SAC305 has a significantly lower shape parameter (β = 1,61), which implies 

a higher variability in failures and potential influence from early-life failures. 

Reliability analysis of aviation equipment is another example of application of Weibull 

distribution [12]. This research presents a case study that demonstrates the practical 

application of Weibull distribution to real-world failure data from aviation equipment, 
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providing insights into reliability characteristics and maintenance planning. Additionally, 

the study compares Lognormal and Weibull distributions (Figure 2.9 and Figure 2.10, 

respectively) as potential models for analyzing fault data in aviation equipment. Weibull 

distribution demonstrated flexibility and ability to model varied failure rates, which makes 

it more suitable for analyzing fault characteristics in aviation equipment. 

 

 
Figure 2.9 - Lognormal empirical cumulative distribution function of fault time [12]. 

 

 
Figure 2.10 - Weibull empirical cumulative distribution function of fault time [12]. 
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Figure 2.9 and Figure 2.10 present the empirical cumulative distribution function, 

denoted Fn(t), compared with the fitted theoretical distribution function F(t), for modeling 

the fault time (in hours) of aviation equipment. Figure 2.9 corresponds to the Lognormal 

distribution, while Figure 2.10 illustrates Weibull distribution fit to the same dataset of 50 

observations. The lognormal model approximates the general trend of the empirical data, 

but exhibits visible deviations, especially in the upper tail (above, approximately 1000 

hours), where it tends to overestimate the cumulative failure probability. In contrast, the 

Weibull distribution remains consistently close in both the central and tail regions, 

indicating that the Weibull distribution effectively captures both the average failure 

behavior and the variability in early and late failures. 

Artyushenko and Bruskov [13] have carried out a research about the application of 

Weibull distribution on spacecrafts, as it allows to better control the dynamic of 

parameters change.  

Kleyner and Sandborn [14] utilized reliability principles to forecast a model warranty for 

electronic products of the automotive sector. The study combines various lifetime 

distributions to model the typical automotive product failure behavior, represented by the 

bathtub curve. The Weibull distribution is particularly well-suited for capturing the early-

life (infant mortality) phase (Figure 2.11) due to its flexibility in modeling decreasing 

failure rates, whereas the exponential distribution effectively characterizes the constant 

hazard rate observed during the useful life period. The authors emphasize that although 

the Weibull distribution is frequently supported as the best-fit model for pre-warranty 

failure data, in some cases, other distributions like lognormal or normal may be 

applicable, depending on the nature of the failure data. For instance, lognormal lifetime 

distribution was chosen when it best represented the daily distribution mileage above 

50000 miles. The obtained parameters from the data analysis helped in predicting 

expected warranty returns and understanding the failure rate trends over time. 

Figure 2.11 depicts the decline in failure rates during the initial period of product’s 

lifecycle, highlighting the effective applicability of the Weibull distribution with a shape 

parameter less than one to model the infant mortality phase. The data suggests that this 

early phase lasts approximately 8 to 18 months, after which plateaus. The figure 

underpins the importance of distinguishing between the early failure period and the 

steady-state phase in warranty modeling, advocating for the piecewise statistical 

approach that combines Weibull for early life and exponential distribution for the 

subsequent phase. 
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Figure 2.11 - Failure rates expressed in incidents per thousand vehicles (IPTV) for selected 

passengers compartment mounted electronic products [14]. 

 

Another application of lognormal distribution in reliability analysis was presented by 

Jancić et al. [15], by employing it to model the reliability (Figure 2.12) and lifetime of 

automotive components, specifically vehicle motors. The lognormal distribution is 

particularly well-suited for this application because it effectively captures the gradual 

degradation process, and the variability associated with component lifespan over time. 

Its ability to represent the skewed nature of failure data makes it a preferable choice over 

other distributions such as the normal distribution, which is less appropriate due to its 

assumption of symmetry. The study emphasizes that, although other models like the 

Weibull distribution are widely used in reliability analysis, the lognormal distribution 

remains advantageous for systems where the failure process is influenced by multiple 

small factors, which are characteristic of many mechanical components in vehicles. 

Figure 2.12 presents a graphical representation of the reliability function of a specific 

vehicle component, in this case a Volvo D7C 275, over its travel distance at measuring 

point M1. The graph illustrates how the reliability of the component decreases as the 

operational distance increases, providing important insights into its failure behavior over 

time. This reliability curve is vital for understanding the component’s performance 

throughout its service life and enables the readers to identify the threshold distances at 

which maintenance or replacements may be necessary, as denoted by Ra(t). 
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Figure 2.12 - Graph of the shown reliability value of component travel distance in the 

exploitation area at the measuring point M1 of motor vehicles - Volvo - D7C 275 [15]. 

 

The study carried out by Kara et al. [16] assesses the reliability of the Konya4 

transmission line feeder by analyzing fault data collected over five years (2014-2019). 

To model the failure times, various lifetime distributions, including Weibull, normal, 

exponential and lognormal, were evaluated using GOF tests (Figure 2.13). The results 

indicated that the lognormal distribution provides the most accurate fit for the fault data, 

primarily due to its appropriateness in modeling positively skewed failure time data 

common in reliability analysis. Employing suitable distribution is essential for generating 

reliable reliability metrics in order to minimize the number of interruptions to perform 

maintenance activities. 

 

 
Figure 2.13 - Anderson-Darling compatibility curves of Konya4 Feeder distributions [16]. 
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Figure 2.13 presents the Anderson-Darling compatibility curves for different candidate 

distributions fitted to the Konya4 feeder failure data. These curves illustrate the degree 

of fit between empirical data and various probability distributions within a 95% confidence 

interval. The figure reveals that the lognormal distribution exhibits the highest 

compatibility, as evidenced by its proximity to the upper boundary of the confidence 

region. This statistical result supports the conclusion that the lognormal lifetime 

distribution most accurately describes the fault occurrence times for the system. 

Mikhaylov et al. [17] have conducted an engineering analysis of the reliability of 

trolleybus electrical equipment to enhance their operational longevity and ensure 

transportation safety. The research employed statistical methods to evaluate reliability, 

focusing on the reliability function and the mean time between failures (MTBF) (Figure 

2.14). The authors adopted the normal distribution function to model the lifetime of three 

key components: the traction electric motor, the electric power steering and the 

compressor.  

 

 
Figure 2.14 - Reliability change when MTBF increases [17]. 

 

Regarding Figure 2.14, it illustrates the relationship between reliability function and the 

MTBF of different electrical components of the trolleybus, at various levels of increased 

lifetime. The figure presents lines showing the reliability at 0% (line 1), 5% (line 2), 10% 

(line 3), 15% (line 4), 20% (line 5), 25% (line 6) and 30% (line 7) increases in the average 

MTBF. Analysis indicates that increasing the MTBF significantly improves the probability 

of the system’s reliability, especially at higher levels of lifetime. These results help 
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evaluate the influence of reliability whenever MTBF changes, which plays a crucial role 

in developing maintenance strategies that satisfy operational conditions during 

exploitation. 

Anferov et al. [18] developed a model that uses a normal distribution (Figure 2.15) for 

lifetime analysis to assess the operational reliability of bulldozers and other construction 

machinery. This model evaluates technical, organizational, and operational factors 

based on field test data, enabling precise forecast of work completion times and project 

costs. 

 

 
Figure 2.15 - Normal distribution lifetime of bulldozers [18]. 

 

Figure 2.15 depicts the empirical distribution of the coefficients of usage for bulldozers, 

represented by a normalized histogram, overlaid with a fitted normal distribution curve. 

The x-axis corresponds to the coefficient of usage, defined as the percentage of time the 

equipment is operational during the scheduled work shifts or over the course of a year. 

The y-axis denotes the relative frequency. As illustrated, the distribution closely 

approximates a normal curve, indicating that the usage of bulldozers tends to 

concentrate around the mean value, approximately 92, with symmetric variability on 

either side.  

Litvinenko et al. [19] presented a practical use of normal distribution for reliability analysis 

of electromechanical items. The results enabled to assess the basic reliability indices, 

as well as the peculiarities of their application in various conditions. 
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3. Reliability 

Historically, the birth of modern reliability engineering took place in 1940s, during World 

War II [20].  Nevertheless, after 1960s, reliability engineering has been continuously 

developed [21]. Between 1960-1970, maintainability, availability and life-cycle cost 

gained importance. Reliability testing becomes project-specific with concepts like 

product assurance and cost-effectiveness emerging [22]. According to Saleh [23], in the 

1970s, three major areas shaped the development of reliability engineering. First, there 

was an increased emphasis on system-level reliability and the safety of complex 

engineering systems, notably in sectors like nuclear power. Second, as software became 

more integral to operations, a dedicated focus on software reliability emerged. Third, an 

incentive program designed to reward contractors for enhancing the reliability of their 

products. In the 1980s, reliability shifts to consumer electronics, automotive, and 

telecommunications [24]. In the following years, reliability engineering has advanced 

significantly, driven by the need to manage increasingly complex systems and the 

availability of affordable computational power [25]. For instance, reliability engineering 

has evolved towards physics based, data-driven, and predictive approaches – such as 

physics of failure modes, machine learning, and prognostic systems – integrating these 

with human factors and analytical tools like MSS and PRA to enhance the safety, 

resilience, and maintenance of complex systems in industries like electronics, 

aerospace, and nuclear power [26]. 

According to NP EN 13306:2021 standard [27], reliability is an ability of an item to 

perform a required function under given conditions for a given time interval. In other 

words, reliability is defined as the probability that an item will perform its intended function 

without failure during specified period of time under defined operational conditions [21], 

[28], [29], [30], [31], [32], [33]. 

Kececioglu [20] defined reliability as a conditional probability at a given confidence-level, 

that the equipment will perform its intended functions satisfactorily or without failure, i.e., 

within specified performance limits, at a given age, for a specified mission time, when 
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used in the manner and for the purpose intended while operating under specified 

application and operation environments with their associated stress level. 

According to Birolini [22], reliability can also be defined as the ability of the item to remain 

functional, from a qualitative point of view. Quantitatively, reliability specifies the 

probability that no operational interruption will occur during the stated time interval. 

Safie and Fuller [34] claim that achieving high reliability requires designing and building 

systems correctly. To ensure high reliability, the following steps should be taken: 

• Establish reliability requirements. 

• Apply both qualitative and quantitative analysis methods to verify that these 

requirements are met. 

• Conduct thorough analysis of manufacturing, assembly and testing procedures 

in parallel with the design process. 

• Implement concurrent engineering practices to involve all stakeholders from the 

outset. 

 

3.1 Basic analytical and statistical functions 

Five of the most important functions in reliability engineering are the following [20]: 

• The failure probability density function. 

• The failure rate function. 

• The reliability function. 

• The conditional reliability function. 

• The mean life function. 

 

3.1.1 Probability density function 

The probability density function (pdf) is a mathematical function that describes a 

distribution [35]. It is the first important function in reliability engineering which has the 

characteristic that the area under this function’s curve gives directly the probability that 

a component would fail during a life period from T1 to T2 [20]. The function f(t) is the pdf 

that the random time of failure-free operation of an object is less than t; namely the pdf 

at moment t [20], [28]: 

Where R(t) is the probability that the object operates without failure during the time 

interval from 0 to t. 

𝑓(𝑡) = −
𝑑

𝑑𝑡
 𝑅(𝑡) (3.1) 
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Additionally, pdf can be written as follows [36]: 

3.1.2 Reliability function 

Reliability is a function of t, so that the reliability function R(t) can be defined as [37], [38]: 

Where P(A) denotes the probability of an event A. 

The higher the item’s operating time value, the lower the associated R(t) value tends to 

be, so that the value of R(t) decrease from 1 to 0 as t increases [39]. It is mathematically 

represented as the integral of the probability density function, f(t), over time [39]: 

 

3.1.3 Cumulative distribution function 

The probability that x has a value less than or equal to x, is referred to as the cumulative 

distribution function, CDF or F for short [36]: 

 

 

CDF represents the probability of failure by the time t, meaning that as time increases, 

F(t) increases from 0 to 1, indicating a higher likelihood failure, as shown in the Figure 

3.1 [39]. 

 

∫ 𝑓(𝑡) 𝑑𝑡 = 1
+∞

0

 (3.2) 

  

 

𝑅(𝑡) = 𝑃(𝑆𝑦𝑠𝑡𝑒𝑚 𝑜𝑝𝑒𝑟𝑎𝑡𝑒𝑠 𝑑𝑢𝑟𝑖𝑛𝑔 [0, 𝑡]) (3.3) 

 

𝑅(𝑡) = ∫ 𝑓(𝑡) 𝑑𝑡
+∞

𝑡

 (3.4) 

  

𝐹(𝑥) = 𝑃{𝒙 ≤ 𝑥} (3.5) 
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Figure 3.1 – Typical cumulative distribution function (adapted from [40]). 

 

It is obvious that the CDF, F(t), can be expressed in terms of its pdf, f(t), as [41]: 

 

 

F(t) is the complement of the reliability function [39], [42]: 

 

3.1.4 Conditional reliability 

The notion of conditional probability captures the idea of measuring the probability of 

occurrence of an event, given that another event occurred [43]. To calculate conditional 

probability, the standard formula used is [44], [45]: 

 

 

This formula represents the probability of event A occurring given that event B has 

occurred. 

𝐹(𝑡) = ∫ 𝑓(𝜉) 𝑑𝜉
𝑡

0

 (3.6) 

𝐹(𝑡) = 1 − 𝑅(𝑡) (3.7) 

  

𝑃(𝐴|𝐵) =
𝑃(𝐴 ∩ 𝐵)

𝑃(𝐵)
 (3.8) 
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The probability of failure-free operation of an object in the time interval from t to t+t0, 

given failure-free operation up to time t, is [28]: 

 

 

Another way of arriving at Equation (3.9) is to use the following equation [20]: 

3.1.5 Failure rate 

𝜆(𝑡)𝑑𝑡 represents the failure probability in the interval t, t+dt assuming that the equipment 

survives until time t; therefore according to conditioned probability formulations [28], [42]: 

 

 

Substituting Equation (3.1) in (3.11) leads to [30], [42]: 

 

 

It is well known that the failure rate function can be interpreted as the probability of failure 

in an infinitesimal unit interval of time [46]. It provides a measure of the changes in the 

probability of failure over the lifetime of a component, often exhibiting a bathtub shape 

(Figure 3.2) [31].  

 

𝑃(𝑡; 𝑡 + 𝑡0) =
𝑃(𝑡 + 𝑡0)

𝑡
 (3.9) 

𝑅(𝑇2)

𝑅(𝑇1)
= 𝑒

− ∫ 𝜆(𝑇)𝑑𝑇
𝑇2

𝑇1  (3.10) 

  

𝜆(𝑡) =
𝑓(𝑡)

𝑅(𝑡)
 (3.11) 

−𝜆(𝑡) =
𝑑𝑅(𝑡)

𝑑𝑡

1

𝑅(𝑡)
 (3.12) 
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Figure 3.2 - The bathtub curve (adapted from [46]). 

 

The Figure 3.2 illustrates three regions, infant mortality (decreasing failure rate), useful 

life (constant failure rate), and wear out (increasing failure rate) [47]. The figure shows 

an early failure period with a high failure rate that weeds out defective items, followed by 

a nearly constant failure-rate period with a low failure rate based on statistical failures, 

and followed by a wear-out failure-rate period, i.e., a rapidly rising failure rate, as the 

lives of components expire [48].  

 

3.1.6 Mean life 

Mean life corresponds to the average time that the units in population are expected to 

operate before failure [49]. This metric is often referred to as “mean time to failure” 

(MTTF) or “mean time between failure” (MTBF) [49]. 

MTBF is the expected time between two successive failures of a repairable system [28], 

[50], [51], [52]. 

MTBF is the expected time to failure for non-repairable systems, representing the mean 

of the failure time distribution [28], [50], [53]. 

The mean life m is defined as the first moment of the failure density function [45], [54]: 

 

The MTTF or the mean operating time of an object up to failure, T1, is [28]: 

𝑚 = ∫ 𝑡 ∙ 𝑓(𝑡) 𝑑𝑡
+∞

0

 (3.13) 

𝑇1 = ∫ 𝑅(𝑥) 𝑑𝑥
+∞

0

 (3.14) 
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Where T1 is the mean value of the random operating time object. 

The MTBF is the mean time to failure-free operation of an object as a whole from the 

moment of completion of the (j-1)st renewal to the jth failure [28]: 

 

Where Tj is the expected mean value of the random length of time of failure-free 

operation of the object from the moment of renewal after failure (j-1) to failure j. 

3.1.7 Relationships between basic functions 

The following relationships can readily be derived from previous equations [28], [45]: 

 

 

 

 

 

3.2 Lifetime distributions 

In reliability engineering various types of statistical distributions are applied. This chapter 

will reference the most commonly used and most widely applicable distributions for life 

data analysis [49]. 

 

𝑇𝑗 = ∫ 𝑅𝑗(𝑥) 𝑑𝑥
+∞

0

 (3.15) 

𝑅(𝑡) = 𝑒− ∫ 𝜆(𝑥) 𝑑𝑥
𝑡

0  (3.16) 

𝑅(𝑡) = 1 − 𝐹(𝑡) (3.17) 

𝐹(𝑡) = 1 − 𝑒− ∫ 𝜆(𝑥) 𝑑𝑥
𝑡

0  (3.18) 

𝑓(𝑡) = 𝜆(𝑡) ∙ 𝑒∫ 𝜆(𝑥) 𝑑𝑥
𝑡

0  (3.19) 

𝑓(𝑡) =
𝑑𝐹(𝑡)

𝑑𝑡
 (3.20) 

  



 

26 

3.2.1 Weibull distribution 

The Weibull distribution is arguably the most popular statistical distribution used by 

reliability engineers [30], [40], [55]. It has the great advantage in reliability work that by 

adjusting the distribution parameters it can be made to fit many life distributions [40]. The 

Weibull distribution is particularly suitable for failure cases of mechanical equipment due 

to accumulation of wear and tear over a long period of time [56]. 

Its most general case, the 3-parameter Weibull pdf is defined by [49], [57]: 

 

 

Where: 

𝛽 = shape parameter 

𝜂 = scale parameter 

𝛾 = location parameter 

The location parameter, 𝛾, represents the initial period over which no failure can take 

place [20], as shown in the Figure 3.3. 

 

 

Figure 3.3 – Effect of location parameter, 𝜸 on Weibull pdf (adapted from [58]). 

𝑓(𝑡) =
𝛽

𝜂
(

𝑡 − 𝛾

𝜂
)

𝛽−1

𝑒
−(

𝑡−𝛾
𝜂

)
𝛽

  (3.21) 
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The shape parameter, 𝛽, controls the shape of the distribution [20]. The Figure 3.4 

illustrates the shape that a pdf could assume. 

 

 

Figure 3.4 – Weibull pdf plot with varying values of shape parameter, 𝜷 (adapted from [58]). 

 

The scale parameter, 𝜂, has the same effect as when the scale of the abscissa is 

changed, meaning that when the parameter is decreased, the pdf gets towards its 

beginning point, whereas when 𝜂 is increased the distribution gets stretched out away 

from its beginning point [20]. The Figure 3.5 illustrates exactly these tendencies. 
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Figure 3.5 – Weibull pdf plot with varying values of scale parameter, 𝜼 (adapted from [58]). 

 

If the location parameter, 𝛾, is assumed to be zero, then the distribution becomes the 2-

parameter Weibull [45], [49], [59]: 

 

 

One additional form is the 1-parameter Weibull distribution, which assumes that the 

location parameter, 𝛾 is zero, and the shape parameter is known as constant, or 𝛽 = 

constant = C, so [49]: 

 

Since the relationship between the failure rate and the time to failure can take many 

different forms, the analytical solution of Equation (3.16) can turn out to be extremely 

𝑓(𝑡) =
𝛽

𝜂
(

𝑡

𝜂
)

𝛽−1

𝑒
−(

𝑡
𝜂

)
𝛽

  (3.22) 

𝑓(𝑡) =
𝐶

𝜂
(

𝑡

𝜂
)

𝐶−1

𝑒
−(

𝑡
𝜂

)
𝐶

  (3.23) 
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complicated [42]. For a three-parameter Weibull distribution, the reliability function is 

written as follows [34]: 

 

The corresponding reliability function for a two-parameter Weibull distribution is [40]: 

 

The mean time of the Weibull pdf is given by [20], [49]: 

 

For the 2-parameter case, the mean life can be reduced to [36], [40], [43]: 

 

The failure rate for two-parameter Weibull distribution can be written [56], [60]: 

 

As noted, several of the other distributions can be obtained from the Weibull distribution. 

Modeling other distributions can be accomplished by selecting the appropriate value of 

shape parameter, β [61]. The Table 3.1 matches the Weibull shape parameter to the 

corresponding distribution. 

 

 

 

 

 

 

𝑅(𝑡) = 𝑒
−(

𝑡−𝛾
𝜂

)
𝛽

 (3.24) 

𝑅(𝑡) = 𝑒
−(

𝑡
𝜂

)
𝛽

 (3.25) 

𝑚 = 𝛾 + 𝜂 ∙ 𝛤 (
1

𝛽
+ 1) (3.26) 

𝑚 = 𝜂 ∙ 𝛤 (
1

𝛽
+ 1) (3.27) 

𝜆(𝑡) =
𝛽

𝜂
(

𝑡

𝜂
)

𝛽−1

 (3.28) 
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Table 3.1 - Weibull shape parameter and the corresponding distribution (adapted from 

[61]). 

Shape Parameter Value Corresponding Distribution 

𝛽 < 1 Gamma (k<1) 

𝛽 = 1 Exponential 

𝛽 = 2 Rayleigh 

𝛽 = 1,5 Lognormal (approximate) 

𝛽 = 3,44 Normal (approximate) 

 

Following Chapter 3.1.5, where failure rate was covered, the Weibull plot is first used to 

estimate the shape parameter, β, which defines the failure mode – infant mortality (β < 

1), random failures (β = 1), or wear-out (β > 1) – as represented by the reliability bathtub 

curve (Figure 3.6) [62]. 

 

 
Figure 3.6 - Bathtub curve that relates Weibull shape parameter,β, (adapted from [63]). 

 

Figure 3.6 illustrates three cases of the aging process. Rinne [64] describes all of them: 

• β < 1: The hazard rate is monotonically decreasing and convex; the Weibull 

distribution reveals a delayed and negative aging process. 

• β = 1: Items of this population will not undergo any aging; this case leads to the 

exponential distribution, which has a constant and age-independent hazard rate. 

• β > 1: The failure rate is increasing monotonically (1 < β < 2) but is concave; 

members of such population have the property of positive aging, meaning the 

greater the age reached the higher the probability of an immediate failure; when 

β > 2, the aging is accelerated. 
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3.2.2 Exponential distribution 

The exponential distribution is a special case of Weibull, in which the hazard function is 

a constant [65]. This means that exponential distribution represents typically the lifespan 

of a component without memory, aging nor wearing [43]. Its advantage is that it 

represents both phenomenologically and empirically the time-to-failure distribution of 

components, equipment, and system of complex nature with components and mixed life 

distributions [20]. An example of the application of the exponential distribution can be 

found in the analysis of complex electrical systems [34]. 

The two-parameter exponential pdf is [20]: 

 

Or it can be written in the following way [66], [67]: 

 

The exponential distribution is a special case of Weibull distribution when 𝛽 = 1 [68]. 

The CDF is given by [67]: 

 

Regarding to previous mathematical expression, Equation (3.31), the reliability function 

can be determined by [20]: 

 

Additionally, the scale parameter, 𝜂 corresponds to [20]: 

Where m represents the mean time between failures or to failure. 

Some authors consider the general pdf expression as [1], [45], [49]: 

𝑓(𝑡) = 𝜆 ∙ 𝑒−𝜆∙(𝑡−𝛾) (3.29) 

𝑓(𝑡) =
1

𝜂
∙ 𝑒

−
𝑡−𝛾

𝜂  (3.30) 

𝐹(𝑡) = 1 − 𝑒
−

𝑡−𝛾
𝜂  (3.31) 

𝑅(𝑡) = 𝑒−𝜆(𝑡−𝛾) (3.32) 

1

𝜆
= 𝑚 − 𝛾 (3.33) 
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Where location parameter, 𝛾, is set to zero. In this regard, all previous equations will 

assume the following modifications. This new form is called one-parameter exponential 

distribution [20], [66], [67]: 

The pdf is written as: 

Or, 

The CDF is determined by: 

 

Reliability function assumes the following formulation: 

 

For the exponential distribution, the reciprocal of the failure rate is the mean time to 

failure [43]: 

MTBF, a mean or average value, can be seen from [34]: 

 

For the exponential case, conditional reliability can be written as follows [20]: 

𝑓(𝑡) = 𝜆 ∙ 𝑒−𝜆∙𝑡 (3.34) 

𝑓(𝑡) = 𝜆 ∙ 𝑒−𝜆∙𝑡 (3.35) 

𝑓(𝑡) =
1

𝜂
∙ 𝑒

−
𝑡
𝜂 (3.36) 

𝐹(𝑡) = 1 − 𝑒
−

𝑡
𝜂 (3.37) 

𝑅(𝑡) = 𝑒−𝜆𝑡 (3.38) 

𝑀𝑇𝑇𝐹 =
1

𝜆
 (3.39) 

𝑒−𝜆𝑡 = 𝑒−
𝑡

𝑀𝑇𝐵𝐹  (3.40) 

𝑅(𝑇, 𝑡) = 𝑅(𝑡) (3.41) 
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The probability that a component is working at least t+d hours knowing that it already 

worked t hours is the same as the probability that it works d hours after its entry into 

service [43]. 

The Figure 3.7 represents the pdf of the one parameter exponential distribution, which 

assumes the parameter λ equal to 1, 2 and 3. 

 

 
Figure 3.7 – Exponential pdf plot with varying values of λ (adapted from [69]). 

 

3.2.3 Normal distribution (Gaussian distribution) 

The normal distribution can be considered a good approximation to the Weibull 

distribution as long as its shape parameter is in the open interval (3,25;3,61) [70]. 

O’Connor and Kleyner [40] consider that when the 𝛽 = 3,5, the distribution approximates 

to normal distribution. 

The normal distribution is the best-known theoretical distribution in statistics [71]. It is 

commonly used for general reliability analysis, times-to-failure of simple electronic and 

mechanical components, equipment or systems [49]. The pdf of the normal distribution 

is given by [43], [72]: 
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Where 𝜇 is the mean of the normal times to failure and 𝜎 is the standard deviation of the 

times to failure. The Figure 3.8 represents the shape of the pdf function, over time, by 

applying different values of mean and standard deviation. 

Similarly, the CDF corresponding to Equation (3.42) is [36]: 

 

 

Figure 3.8 - Normal distribution (adapted from [41]). 

 

The normal distribution with parameters 𝜇 = 0 and 𝜎 = 1 is called the standard normal 

distribution [68]. In this regard, it is often beneficial to make a change of variables first in 

order to express F(t) in a standardized form [36]. This can be achieved by defining 

variable Z in terms of t [41]: 

𝑓(𝑡) =
1

𝜎√2𝜋
𝑒

−
1
2

(
𝑡−𝜇

𝜎
)

2

 (3.42) 

𝛷(𝑡) = ∫
1

√2𝜋𝜎

𝑡

−∞

𝑒
−

1
2

(
𝑡′−𝜇

𝜎
)

2

𝑑𝑡′ (3.43) 
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The scale parameter defines where the bulk of the distribution lies, meaning that in the 

case of the normal distribution, the scale parameter, 𝜂, is the standard deviation, 𝜎, [20], 

[49]. Similarly to exponential distribution, the normal distribution does not have a shape 

parameter, since it has a predefined shape that does not change [49]. 

The instantaneous normal hazard rate is given by [20]: 

3.2.4 Lognormal distribution 

In contemporary statistical analysis, it is recognized that certain variables within a system 

exhibit an exponential relationship, characterized by the equation 𝑥 = 𝑒𝑤. When the 

exponent w is treated as a random variable, x consequently becomes a random variable 

of significant interest. A particularly noteworthy case arises when w is normally 

distributed. In this scenario, the distribution of x is identified as a lognormal distribution. 

This nomenclature stems from the transformation ln(𝑥) = 𝑤, indicating that the natural 

logarithm of x follows a normal distribution [73]. 

The lognormal distribution is a more versatile distribution than the normal distribution as 

it has a range of shapes, and therefore is often a better fit to reliability data, such as for 

populations with wear out characteristics [40]. 

Lognormal distribution usually fits when analyzing mechanical parts under stress rupture 

loading [34].  

The pdf of a lognormal distribution is [74], [75]: 

 

Where 𝜇′ and 𝜎′ are the mean and standard deviation of the natural logarithms of the 

times-to-failure. They can be obtained from applying the following mathematical 

expressions [76]: 

𝑍 =
𝑡 − 𝜇

𝜎
 (3.44) 

𝜆(𝑡) =

1

𝜎√2𝜋
𝑒

−
1
2

(
𝑡−𝜇

𝜎
)

2

∫
1

𝜎√2𝜋
𝑒

−
1
2

(
𝑡−𝜇

𝜎
)

2

𝑑𝑡
+∞

𝑡

 (3.45) 

  

𝑓(𝑡) =
1

√2𝜋𝜎′𝑡
𝑒

−
1
2

(
𝑙𝑛 𝑡−𝜇′

𝜎′
)

2

 (3.46) 
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The Figure 3.9 illustrates the shape of the pdf function, over time, by applying different 

values to parameters µ and σ. 

 

 

Figure 3.9 - Lognormal distribution (adapted from [41]). 

 

The mean and the standard deviation are given by, respectively [20], [40]: 

 

The reliability mission of a time t is determined by [49]: 

𝜇′ =
1

𝑛
∑ 𝑙𝑛 (𝑡𝑖)

𝑛

𝑖=1

 (3.47) 

𝜎′ = √
1

𝑛 − 1
∑(𝑙𝑛(𝑥𝑖) − 𝜇′)2

𝑛

𝑖=1

 (3.48) 

𝜇 = 𝑒𝜇′+
𝜎′2

2  (3.49) 

𝜎 = √𝑒2𝜇′+𝜎′2
− 𝑒2𝜇′+𝜎′2 (3.50) 
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3.3 Confidence levels 

A point estimate is a single value given as the estimate of a population parameter of 

interest [43]. In contrast, confidence intervals provide the range over which the true 

parameter values may exist with certain level of confidence [47]. Confidence limits may 

be shown with two error probabilities, ε1 and ε2, where ε1 is the probability that the true 

value of the parameter is not less than a given lower limit, and ε2 is the probability that 

the true value of the parameter is not more than a given upper limit [28]. For a same 

sample, the smaller the confidence range, the smaller the confidence level, and vice-

versa [43], [49], [77], [78]. Most commonly, the 90%, 95%, and 99% confidence levels 

are used [43]. The Figure 3.10 demonstrates a Weibull line (red) and the bounds (blue) 

for 90% confidence. 

 

 
Figure 3.10 - Two-sided 90% confidence bounds (adapted from [40]). 

 

3.3.1 Fisher information matrix 

The Fisher matrix approach has come into more common use because it is easily 

adapted to the personal computer and because it provides tight confidence intervals for 

moderate sample sizes [79]. The lower and upper bounds are written, respectively [47], 

[80]: 

𝑅(𝑡) = ∫
1

√2𝜋𝜎′𝑡
𝑒

−
1
2

(
𝑙𝑛 𝑡−𝜇′

𝜎′
)

2

𝑑𝑡
+∞

𝑙𝑛 𝑡

 (3.51) 
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Where: 

𝜃 is the maximum likelihood estimate (MLE) of the parameter 𝜃; 

Φ is the CDF of the standard normal distribution (Z-score); 

C is the confidence level; 

𝐽𝑛 is the Fisher information matrix. 

3.3.2 Likelihood ratio bounds 

For small data sets, Fisher matrix bounds tend to be insufficiently conservative, whereas 

the likelihood ratio methods yields more conservative estimates and is therefore more 

appropriate [40].  

Likelihood ratio confidence bounds are based on the following inequality [6], [47], [49], 

[77]: 

Where: 

𝐿(𝜃) is the likelihood function for the unknown parameter 𝜃; 

𝐿(𝜃) is the likelihood function calculated at the estimated parameter value 𝜃; 

𝛼 is the confidence level complement (1 − 𝐶). 

3.3.3 Beta-binomial bounds 

Type I confidence levels are confidence bounds around time for a given reliability [49]. 

Thus, confidence bounds can be estimated by solving the Weibull reliability equations 

(3.25) and CDF general equation (3.7) for time t [40]. t defines the time for upper and 

lower bounds. 

 

For beta-binomial 90% bounds the following equations relate the 5% and 95% ranks to 

the Weibull line [79], [81]: 

𝜃𝐶 = 𝜃 − Φ−1 (
1 + 𝐶

2
) √[𝐽𝑛(𝜃̂)]−1 (3.52) 

𝜃𝐶 = 𝜃 + Φ−1 (
1 + 𝐶

2
) √[𝐽𝑛(𝜃̂)]−1 (3.53) 

−2 ∙ ln (
𝐿(𝜃)

𝐿(𝜃)
) ≥ 𝜒𝛼;𝑘

2  (3.54) 

𝑡 = 𝜂 ∙ (ln (
1

𝑅
))

1
𝛽
 (3.55) 
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3.4 Goodness-of-fit tests 

Before applying a probability model to represent the underlying population data, it is 

essential to assess its adequacy using a goodness-of-fit test [82]. In this regard, five tests 

will be presented within this chapter, which frequently appear in engineering and 

reliability. For a uniform approach, the following assumptions will be made: 

𝐻0: The given data follows a specific probability distribution 

𝐻𝑎: The given data does not follow a specified probability distribution 

 

3.4.1 Chi-square 

The Chi-Square goodness-of-fit test, developed by Karl Pearson, is used to assess 

whether a set of observations follows a specific distribution – discrete or 

continuous – with or without known parameters, by comparing the observed 

frequencies to the expected probabilities [83]. The Pearson’s sum is given by 

[83], [84], [85]: 

 

 

Where Oi represents observed frequency, Ei expected frequency and k the number of 

different data cells or categories. 

The Chi-Squared goodness-of-fit assumes non-negative values, where a value of zero 

denotes a perfect fit between the observed data and theoretical distribution [83]. As the 

statistic increases, it indicates a growing divergence, suggesting a poorer fit [83]. 

Adequacy is assessed by comparing the test statistics to a critical value from the chi-

squared distribution table, determined by the significance level and the corresponding 

degrees of freedom [83], [86]. The number of degrees of freedom, ν, is [87], [88]:  

𝑡𝑖;0,95 = 𝜂 ∙ [ln (
1

1 − 𝐹𝑖(0,95)
 )]

1
𝛽

 (3.56) 

𝑡𝑖;0,05 = 𝜂 ∙ [ln (
1

1 − 𝐹𝑖(0,05)
 )]

1
𝛽

 (3.57) 

𝜒2 = ∑
(𝑂𝑖 − 𝐸𝑖)2

𝐸𝑖

𝑘

𝑖=0

 (3.58) 
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Where k is the number of classes whose contributions are summed in finding χ2. 

For testing H0: independence with a table having r rows and c columns, the number of  

degrees of freedom, ν, can be calculated by applying the following expression [89]: 

 

 

There are more general situations in which a degree of freedom is lost for each 

parameter estimated in certain chi-square random variables [90]. In this regard, the 

number of degrees of freedom can be obtained from [90], [91], [92]:  

 

 

Where: 

• k = number of classes / categories 

• p = number of estimated parameters 

 

3.4.2 Kolmogorov-Smirnov 

The Kolmogorov-Smirnov test compares the distribution function G0(x) with the 

corresponding experimental quantity S, also called Empirical Distribution Function 

(EDF), given by [93]: 

  

 

 

The test statistic is the maximum difference D between the two functions, in EDF 

statistics [93], [94]: 

 

𝜈 = 𝑘 − 1 (3.59) 

𝜈 = (𝑟 − 1)(𝑐 − 1) (3.60) 

𝜈 = 𝑘 − 𝑝 − 1 (3.61) 

𝐺0(𝑥) = ∫ 𝑔0(𝑥) 𝑑𝑥
𝑥

−∞

 (3.62) 

𝑆(𝑥) =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛𝑠 𝑤𝑖𝑡ℎ 𝑥𝑖 < 𝑥

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟
 (3.63) 
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The Kolmogorov-Smirnov test statistic, D, can be written in the following way [95]: 

 

The quantities D+ and D-, respectively, denote the maximum positive and negative 

difference [93]. 

The hypothesis is accepted whenever D is lower than the critical value that is based on 

a given α and n [83]. 

3.4.3 Cramer-von Mises and Anderson-Darling 

The two tests, Craver-von Mises and Anderson Darling are related and based on 

measures of disparity or divergence between the true but unknown and the hypothesized 

distributions [96]. 

The general Cramer-von Mises family of test statistics focuses on the squared 

differences given by [95], [96]: 

Where Fn(y) is the empirical distribution function, F0(y) is the hypothesized distribution 

and Ψ(y) is an appropriate scaling function. 

Additionally, Cramer-von Mises statistic can be written in the following way [97], [98]: 

Where: 

n = number of TTF 

U = Expected probability given a particular lifetime distribution (Table 3.2) 

 

 

 

 

 

 

 

𝐷 = sup|𝐺(𝑥) − 𝑆(𝑥)| (3.64) 

𝐷 = sup(𝐷+, 𝐷−) (3.65) 

𝑄 = ∫ [𝐹𝑛(𝑦) − 𝐹0(𝑦)]2Ψ(𝑦) 𝑑𝐹0(𝑦)
+∞

−∞

 (3.66) 

𝐶𝑉𝑀 = ∑ (𝑈 −
2𝑖 − 1

2𝑛
)

2

+
1

12𝑛
 

𝑛

𝑖=1

 (3.67) 
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Table 3.2 - Analytical expression of U based on a particular lifetime distribution (adapted 

from [83]). 

Lifetime distribution Analytical expression of U 

Normal Φ (
𝑇𝑇𝐹𝑖 − 𝑡̅

𝜎
) 

Lognormal Φ (
ln 𝑇𝑇𝐹𝑖 − 𝑡̅

𝜎
) 

Exponential 1 − 𝑒−
𝑇𝑇𝐹𝑖

𝑚  

Weibull 1 − 𝑒
−(

𝑇𝑇𝐹𝑖−𝛾
𝜂

)
𝛽

 

 

Where: 

𝑡̅ = Arithmetic average of TTF 

 

The Anderson-Darling statistic, A2, belonging to the quadratic statistics, can be written in 

the following form [99]: 

 

Furthermore, the Anderson-Darling statistic can be written in a different form [100]: 

 

 

Where: 

𝑠 = ∑
(2𝑖−1)

𝑛
[ln 𝐺(𝑌𝑖) + ln(1 − 𝐺(𝑌𝑛+1−𝑖))] ∙ 𝑛𝑛

𝑖=1  is the random sample size and Yi  the 

ordered data. 

Woodruff [82] proposes another form for describing the Anderson-Darling statistic: 

 

For a given level of significance, α, the hypothesis is rejected if the value of the test 

statistic is greater than the critical value [83], [100]. 

𝐴2 = 𝑛 ∫
(𝑆(𝑥) − 𝐺(𝑥))

2

𝐺(𝑥)(1 − 𝐺(𝑥))
𝑑𝐺(𝑥)

+∞

−∞

 (3.68) 

𝐴2 = −𝑛 − 𝑠 (3.69) 

𝐴2 = − ∑ (𝑈 −
2𝑖 − 1

2𝑛
)

2

+
1

12𝑛
 

𝑛

𝑖=1

 (3.70) 



 

43 

3.4.4 Correlation coefficient 

Correlation coefficient is a measure of how well the linear regression model fits the data 

and is usually denoted by ρ [49]. In other words, it tells how strongly two variables are 

linearly related [100]. In general, the best fit would provide ρ closest to 1 [40]. A 

correlation coefficient value of zero would indicate that the data are randomly scattered 

and have no pattern or correlation relation to the regression line model. 

The correlation coefficient can be obtained from the following formula [101]: 

 

 

Where SX and SY represent the standard deviations for X and Y values, respectively. 

Additionally, the correlation coefficient can be written in a more extended form [49]: 

 

 

3.5 System’s reliability 

A fully satisfactory estimate of the reliability of a structure is based on a system approach 

[31]. In analyzing a complex system, a particular failure law may be applied to the entire 

system [102]. In short, the design configuration and arrangement of components used 

have a direct effect on the overall system performance and its reliability [103]. 

3.5.1 Series configuration 

This is probably the most commonly occurring network in engineering systems [104]. 

Figure 3.11 represents a reliability block diagram (RBD) of a series configuration. This 

type of arrangement obliges all units to work normally for the successful operation of the 

whole system [104]. In other words, if any one of the components malfunctions, it will 

cause the assembly to fail [105]. 

 

 
Figure 3.11 - RBD of a series configuration (adapted from [104]). 

 

𝜌 =

1
𝑛 − 1

∑ (𝑋𝑖 − 𝑋̅)(𝑌𝑖 − 𝑌̅)𝑛
𝑖=1

𝑆𝑋 ∙ 𝑆𝑌
 (3.71) 

𝜌 =
∑ 𝑋𝑖𝑌𝑖 −

∑ 𝑋𝑖 ∑ 𝑌𝑖
𝑛
𝑖=1

𝑛
𝑖=1

𝑛
𝑛
𝑖=1

√(∑ 𝑋𝑖
2 −

(∑ 𝑋𝑖
𝑛
𝑖=1 )

2

𝑛
𝑛
𝑖=1 )(∑ 𝑌𝑖

2 −
(∑ 𝑌𝑖

𝑛
𝑖=1 )2

𝑛
𝑛
𝑖=1 )

 
(3.72) 
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The series system reliability is expressed by [104], [106], [107]: 

 

3.5.2 Parallel configuration 

A parallel system is considered a configuration where the system operates continuously 

if at least one out of n components is operational, known as 1-out-of-n [108]. However, 

when one subsystem of a parallel system fails, the system will still function even if this 

subsystem is not repaired right away [37]. 

The reliability block diagram is shown in the Figure 3.12. 

 

 

Figure 3.12 – RBD of parallel system (adapted from [109]). 

 

Figure 3.12 illustrates a system comprising n components. The system is designed with 

redundancy, such that the functionality of the system is maintained as long as at least 

one of the components remains operational.  

In this regard, the general expression for this active parallel redundancy is [40], [110]: 

 

Where Ri is the reliability of the ith unit and n is the total number of units in parallel. 

𝑅𝑠(𝑡) = ∏ 𝑅𝑖

𝑘

𝑖=1

 (3.73) 

𝑅 = 1 − ∏(1 − 𝑅𝑖)

𝑛

𝑖=1

 (3.74) 
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3.5.3 Standby configuration 

A standby system is a type of reliability configuration characterized by its dual operating 

modes: active and sleep [111]. In the active mode, the standby system is fully operational 

and capable of providing its services. Conversely, in the sleep mode, the system is not 

actively providing services but remains ready to be activated by an external signal or 

input. The external signal is sensed by a sensing subsystem, which detects a break down 

in the active unit and commands to switch in the stand by unit [109]. This type of system 

is a common approach to improve system reliability [112], [113]. It is particularly relevant 

in contexts where energy consumption is a concern, as they can reduce power usage 

when not in active service [111]. Standby redundancy where one or several elements 

are working online while other redundant elements serve as standby spares is one of the 

widely-applied techniques of providing fault tolerance [114]. 

Additionally, this redundant configuration is used to ensure high reliability, in the long 

term, in the extreme environment, where it is not possible to carry out frequent 

maintenance and repairs [115]. 

The Figure 3.13 illustrates a block diagram of this type of configuration. 

 
Figure 3.13 - Standby configuration RBD (adapted from [41]). 

 

The block diagram above highlights that a switching device (SS) engages element no. 2 

when component no. 1 experiences a failure. This same principle is applied to element 

no. N, which is activated when component (N-1) malfunctions. 

According to Dhilon [116], when one unit is working and k units are in standby mode, the 

system reliability is given by: 

𝑅𝑠𝑦𝑠(𝑡) =
∑ {[∫ 𝜆(𝑡)𝑑𝑡

𝑡

0
]𝑖𝑒− ∫ 𝜆(𝑡)𝑑𝑡

𝑡

0 }𝑘
𝑖=0

𝑖!
 (3.75) 
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According to Elsayed [103], the simplest nonrepairable standby system is a two-unit 

system that functions successfully when the primary unit does not fail, or if the primary 

unit fails during operating time t and the stand by assumes the function of the primary 

unit. In this regard, the reliability of the system is the sum of the probability that the 

primary unit does not fail until time t and the probability that the primary unit fails at some 

time 𝜏, 0 < 𝜏 < 𝑡, and the standby unit functions successfully from 𝜏 to time t [103]: 

 

The general reliability formula for n equal units in a standby configuration, assuming a 

perfect switching device and a exponentially distributed unit TTF is [40], [116]: 

 

Taking in consideration a two-unit system with similar elements, the respective reliability 

is given by [36]: 

 

Where 𝜆1 = 𝜆2 = 𝜆. 

Accordingly, the MTTF of the above system is given by [41]: 

 

Where n refers to the total number of active and standby rows. 

In a non-perfect scenario, where switching device reliability is lower than 1, the following 

reliability equation can be written [32]: 

 

𝑅𝑠𝑦𝑠(𝑡) = 𝑅1(𝑡) + ∫ 𝑓1(𝜏) ∙ 𝑅2(𝑡 − 𝜏)𝑑𝜏
𝑡

𝜏=0

 (3.76) 

𝑅𝑠𝑦𝑠 = ∑
(𝜆𝑡)𝑖

𝑖!
∙ 𝑒−𝜆𝑡

𝑛−1

𝑖=0

 (3.77) 

𝑅𝑠𝑦𝑠 = (1 + 𝜆𝑡)𝑒−𝜆𝑡 (3.78) 

𝑀𝑇𝑇𝐹 =
𝑛

𝜆
 (3.79) 

𝑅𝑠𝑦𝑠 = ∑
(𝑅𝑆𝑆 ∙ 𝜆𝑡)𝑖

𝑖!
∙ 𝑒−𝜆𝑡

𝑛−1

𝑖=0

 (3.80) 
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Where RSS refers to the reliability of the switching device, and 𝜆 to the equivalent failure 

rate of the system. 

Additionally, reliability is given by the first n terms of the Poisson expression [117]: 

 

Considering N active units in one row, in perfect conditions [118]: 

 

Analyzing a two-unit system using an imperfect switching device, the reliability formula 

could be simplified in the following way [32]: 

 

3.5.4 K-out-of-N configuration 

K-out-of-N redundancy is a N parallel configuration, which requires to function K 

components for system success [102]. For example, large airplanes usually have three 

or four engines, but two engines may be the minimum number required to provide a safe 

journey [103]. Figure 3.14 illustrates, generally, the configuration. 

 

 
Figure 3.14 – RBD of a k-out-of-n configuration (adapted from [110]). 

 

𝑅𝑠𝑦𝑠 = 𝑒−𝜆𝑡 (1 + 𝜆𝑡 +
𝜆2𝑡2

2!
+ ⋯ +

𝜆(𝑛−1)𝑡(𝑛−1)

(𝑛 − 1)!
) (3.81) 

𝑅𝑠𝑦𝑠 = ∑
(𝑁𝜆𝑡)𝑖

𝑖!
∙ 𝑒−𝜆𝑡

𝑛−1

𝑖=0

 (3.82) 

𝑅𝑠𝑦𝑠 = 𝑒−𝜆1𝑡 +
𝑅𝑆𝑆 ∙ 𝜆1

𝜆1 − 𝜆2
∙ (𝑒−𝜆2𝑡 − 𝑒−𝜆1𝑡) 

 

(3.83) 
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For constant failure rates of the identical units, the system’s reliability can be written 

[102], [103], [104], [119]: 

 

Pringle and Gresho [118] emphasize the importance of binomial coefficients as these 

coefficients are essential for calculating the systems’ reliability of operational and failed 

components. Dragoi et al. [120] highlight that these coefficients help derive simple closed 

formulas for certain ranges of k, because they provide sharp bounds that are easy to 

calculate. They propose using Pascal’s Triangle (Figure 3.15) as an effective method for 

obtaining these coefficients. The binomial coefficient (𝑛
𝑘

) represents the number of ways 

to select k successes from n trials.  

 

 
Figure 3.15 - Pascal's Triangle (adapted from [121]). 

 

Once the coefficients are identified, they can be incorporated into the general equation 

of reliability system [118]: 

 

𝑅𝑠𝑦𝑠 = ∑ (
𝑁!

𝑥! (𝑁 − 𝑥)!
∙ 𝑅𝑥 ∙ (1 − 𝑅)𝑁−𝑥)

𝑁

𝑥=𝐾

 (3.84) 

𝑅𝑠𝑦𝑠 = ∑ ((
𝑛

𝑘
) 𝑅𝑢

𝑀 ∙ 𝐹𝑎𝑡
𝑛−𝑀)

𝑛

𝑀=𝑘

 (3.85) 
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Where M signifies active units, n indicates standby units, 𝑅𝑢 represents the reliability of 

each active unit, and 𝐹𝑎𝑡 denotes the failure probability of those units. 

3.5.5 Complex configuration 

Traditional reliability analysis often assume independent failures and constant failure 

rate, which can be limiting for complex industrial systems [122]. In a complex system, in 

many cases, it is not easy to recognize which components are in series and which are 

in parallel [123]. 

The reliability of a complex system is dictated by the Bayes’ theorem: The reliability of a 

system is equal to the reliability of the system, given that a chosen unit, Unit A, is good 

times the reliability of Unit A, plus the reliability of the system, given that Unit A is bad 

times the unreliability of Unit A [109]. Mathematically: 

 

This process is also known as the Conditional Decomposition Method (CDM) [124]. 

A complex system can be illustrated by a bridge configuration (Figure 3.16), where the 

component E is neither in series nor in parallel with the others [124]. 

 

 
Figure 3.16 - RBD of a bridge system (adapted from [125], [126]). 

 

According to CDM, the system is divided in two subsystems, one when E is considered 

good (Figure 3.17), and other where E has failed (Figure 3.18) [122], [127]. 

 

𝑅𝑠𝑦𝑠 = (𝑅𝑠𝑦𝑠|𝐴𝐺) ∙ 𝑅𝐴 + (𝑅𝑠𝑦𝑠|𝐴𝐵) ∙ (1 − 𝑅𝐴) (3.86) 
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Figure 3.17 - Subsystem considering E "good" (adapted from [122], [127]). 

 

 
Figure 3.18 - Subsystem considering E "bad" (adapted from [122], [127]). 

 

The set of subsystems above are then defined utilizing series-parallel connected 

configurations, which were covered in sections 3.5.1 and 3.5.2 [122]. 
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4. Case study 

Beamhouse operations comprise a series of chemical and mechanical treatments 

designed to cleanse and prepare raw hides for the tanning process. These operations 

typically include soaking, fleshing, unhairing, liming and lime splitting. Soaking serves to 

rehydrate the hide and eliminate curing agents and impurities – an essential step prior 

to mechanical processing. Fleshing, a mechanical procedure, follows and involves the 

removal of residual flesh, fat, and subcutaneous tissue from the inner side of the hide. 

Subsequently, a chemical treatment is instigated to remove hair and epidermis from the 

hide, effectively preparing it for tanning. Finally, the limed hide is split into two distinct 

layers: the top grain (upper layer), which contains the fine grain surface, and the split 

(lower layer), which lies beneath the grain and be further processed for various leather 

products. The figure below (Figure 4.1) shows the beamhouse line, where the operations 

described above are carried out. 

 

 
Figure 4.1 - Beamhouse line. 

 

Within this chapter, each machine will be described in detail, including its technical 

specifications. Furthermore, a Life Data Analysis (LDA) will be conducted for every piece 
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of equipment. This analysis comprises the calculation of life characteristics and 

fundamental reliability functions. Among these, the CDF and the reliability function will 

be presented along with its associated confidence level. For this purpose, the beta-

binomial distribution has been selected. It is important to note that this analysis considers 

data collected from the implementation of the ManWinWin system up to March 18th, 

2025. The analysis is conducted using a self-developed program written in Python 

language (see Appendix A). The algorithm is able to directly connect the SQL database, 

where the maintenance repairs are stored, and after determining the TTF, performs the 

necessary calculation for the reliability analysis. The results are presented in the 

following sub-chapters. 

To fully validate these results and assess the lifetime distribution of each machine, the 

Chi-Square test will be applied, assuming a significance level of 5% (see Appendix B). 

Finally, the reliability of each piece of equipment and the whole system will be calculated 

for five different times: 50 hours, 100 hours, 150 hours, 300 hours and 500 hours. 

4.1 Leather transport clamp 

4.1.1 Description 

Leather transport clamp (Figure 4.2) is a machine that conveys natural hide directly to 

the fleshing machine. The main specifications are presented in the Table 4.1. 

 

 
Figure 4.2 - Transport Clamp Machine. 
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Table 4.1 - Leather transport clamp technical specifications. 

Manufacturer Feltre 

Model CC Flesh 

S/N 2595 

Year 2017 

 

4.1.2 Life data analysis 

The following LDA is based on historical data from 2021, encompassing a total of 42 TTF 

instances. The Table 4.2 represents the results of the analysis. 

 

Table 4.2 - LDA of transport clamp. 

Shape parameter, β 0,80 

Scale parameter, η [h] 614,62 

MTBF [h] 694,43 

Correlation coefficient, ρ 0,9894 

 

Based on the life characteristics, it is possible to conclude that this machine is currently 

in its early failure period, as indicated by the shape parameter (β < 1). Furthermore, 

considering the correlation coefficient, which is very close to 1, it can be inferred that the 

model presents a high degree of accuracy, and the results are statistically reliable. 

Additionally, a Chi-Squared test has been carried out to validate the lifetime distribution. 

The results are presented within Table 4.3. 

 

Table 4.3 - Chi-square test of the transport clamp lifetime distribution (Weibull - 2 

parameter). 

Chi-square (Observed value) 12,481 

Chi-square (Critical value) 14,067 

Degrees of freedom, ν 7 

P-value 0,086 

Significance level, α 0,05 

 

The following interpretation can be drawn from Table 4.3: 

H0: The sample follows a Weibull – 2 parameter distribution 

Ha: The sample does not follow a Weibull - 2 parameter distribution 

As the computed p-value is greater than the significance level, one cannot reject the null 

hypothesis H0. 

In this regard, the 2-parameter Weibull distribution formulas can be applied to determine 

the pdf, reliability, CDF and failure rate, depending on parameter time, t. 
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Table 4.4 - LDA functions of the transport clamp. 

Pdf 
0,80

614,62
∙ (

𝑡

614,62
)

0,80−1

∙ 𝑒
−(

𝑡
614,62

)
0,80

 

Reliability 𝑒
−[

𝑡
614,62

]
0,80

 

CDF 1 − 𝑒
−[

𝑡
614,62

]
0,80

 

Failure rate (
0,80

614,62
) ∙ (

𝑡

614,62
)

0,80−1

 

 

Based on the fundamental functions presented in the Table 4.4, the corresponding 

curves will be plotted below (Figure 4.3, Figure 4.4, Figure 4.5, Figure 4.6). 

 

 
Figure 4.3 - Pdf of the transport clamp machine. 

 

The Figure 4.3 shows the probability density function of the time to failure. Its observed 

decreasing curve suggests a higher probability of early failures (infant mortality), followed 

by a decreasing probability of failure over time. This pattern is consistent with the current 

piece of equipment state – infant mortality. 
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Figure 4.4 - CDF of the transport clamp with 90% confidence bounds. 

 

The solid line in the Figure 4.4 represents a Weibull reliability model, which estimates 

the probability of failure at any given time. The dashed lines indicate the confidence 

intervals, reflecting the uncertainty involved with the model estimate. The upward, S-

shaped curve indicates an increase in the probability of failure with increasing operational 

time.  

 

 

 
Figure 4.5 - Reliability plot of the transport clamp machine. 
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The reliability plot, which is illustrated by Figure 4.5, exhibits a complementary 

decreasing trend to the failure probability. The confidence bounds similarly widen with 

time, providing important information about the precision of the reliability estimates at 

different time points. 

 

 
Figure 4.6 - Failure rate plot of the transport clamp machine. 

 

The failure rate curve, represented in the Figure 4.6, provides crucial information about 

the machine’s aging characteristics and failure patterns. The shape of this curve 

indicates that the transport clamp in analysis experiences infant failures, a conclusion 

that was already supported by the analysis the shape parameter (β < 1). 

In the end, Table 4.5 presents the reliability results of the transport clamp for the five 

time intervals (50 hours, 100 hours, 150 hours, 300 hours, 500 hours). 

 

Table 4.5 - Reliability of the transport clamp at 50, 100, 150, 300 and 500 hours. 

Time (h) 50 100 150 300 500 

Reliability (%) 87,52 79,24 72,46 57,00 42,86 

 

4.2 Fleshing machine 

4.2.1 Description 

This continuous fleshing machine (Figure 4.7) presented in this study retains the core 

functionality of traditional fleshing equipment while incorporating several enhancements 

aimed at increasing efficiency and reducing manual intervention. Instead, it is inserted 
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into the feed opening to the appropriate depth, after which the machine operates 

autonomously, maintaining uninterrupted functionality even during the feeding phase. 

Proceeded hides exit from the rear of the machine, with the grain side facing upward. 

This output configuration is easily integrated into a linear processing system. Especially 

in relation to splitting machines where a more linear feed and workflow are able to be 

accommodated. 

The machine is equipped with a fully hydraulic system for opening and closing motions, 

an upgrade hydraulic unit enhances the operation performance and reduces the 

mechanical wear on the machine. The full hydraulic unit provides electronic controlling 

of the conveying speeds, so they can keep accurate to achieve continuous throughput, 

time savings and ultimately contribute to the longevity of the system in the end. 

From a structural point of view, the machine uses stainless steel protective covers, which 

can offer better corrosion resistance and facilitate easier cleaning – an important 

consideration in environments requiring high standards of hygiene and durability. 

 

 
Figure 4.7 - Fleshing Machine. 

 

The fleshing cycle begins by positioning the hide into the upper intake of the machine, 

starting from the head end. Once initiated by the operator, the system engages the 

fleshing bench, allowing the hide to be drawn into the machine. During this initial stage, 

the tail portion undergoes processing. 
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Throughout the operation, the operator oversees the hide’s movement and triggers the 

processing of the remaining section, specifically, the neck area, at the appropriate point. 

As the procedure continues, the hide advances through the machine and is ultimately 

discharged via the front conveyor belt. It exits to the conveyor belt with the grain surface 

facing upwards and the tail end leading. 

Schematically, these processes can be split into four phases, represented in the Figure 

4.8, Figure 4.9, Figure 4.10 and Figure 4.11: 

 

 
Figure 4.8 - Phase 1 of the fleshing machine (adapted from [128]). 

 

In the Figure 4.8, the hide is introduced into the machine beginning with the head section. 

As it advances internally, the rear portion, corresponding to the tail, is subjected to the 

fleshing process. 
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Figure 4.9 - Phase 2 of the fleshing machine (adapted from [128]). 

 

In the figure above, the hide is guided downward onto the lower transport rollers, where 

it continues moving until the operator visually confirms the approach of the fleshy area, 

typically observed via the inspection area. 

 

 
Figure 4.10 - Phase 3 of the fleshing machine (adapted from [128]). 

 

The Figure 4.10 illustrates the closure of the lower transport roller. 
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Figure 4.11 - Phase 4 of the fleshing machine (adapted from [128]). 

 

The illustration above shows the process, which continues with the opening of the 

swinging bench in the upper section and its closure in the lower part of the machine. This 

transition initiates the fleshing operation for the second half of the hide, specifically the 

head section, within the lower processing zone. Upon completion, the fully fleshed hide 

is discharged via the front exit conveyor, emerging with the tail end leading and the grain 

surface facing upward. 

 

Table 4.6 - Technical specifications of the fleshing machine. 

Manufacturer Persico 

Model SP34 

S/N 39X42 

Year 2017 

 

4.2.2 Life data analysis 

The following LDA is based on historical data from 2019, comprising a total of 321 TTF 

records. The results of this analysis are presented in the Table 4.7. 
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Table 4.7 – Life data characteristics of the fleshing machine. 

Shape parameter, β 0,78 

Scale parameter, η [h] 138,48 

MTBF [h] 159,99 

Correlation coefficient, ρ 0,9915 

 

Based on the results of the Table 4.7, the reliability analysis reveals key insights into the 

fleshing machine’s operational characteristics. The shape parameter, β = 0,78, indicates 

a decreasing failure rate over time, which is typical of early-life failures. This suggests 

that once the infant failures are overcomed, the system becomes increasingly reliable. 

The scale parameter, η = 138,48 hours, represents the characteristic life of the item, 

acting as a benchmark for the expected time by which approximately 63,2% of similar 

units would have experienced at least one failure.  

Finally, a high correlation coefficient of ρ = 0,9915 underscores the excellent fit of the 

Weibull model to the observed data, thereby affirming the robustness of the reliability 

predictions. However, to fully validate this hypothesis, a chi-square test is carried out, 

which results are presented in Table 4.8. 

 

Table 4.8 - Chi-square test of the fleshing machine lifetime distribution (Weibull - 2 

parameter). 

Chi-square (Observed value) 7,868 

Chi-square (Critical value) 14,067 

Degrees of freedom, ν 7 

P-value 0,344 

Significance level, α 0,05 

 

Table 4.8 allows for the following interpretation: 

H0: The sample follows a Weibull – 2 parameter distribution 

Ha: The sample does not follow a Weibull - 2 parameter distribution 

As the computed p-value is greater than the significance level, one cannot reject the null 

hypothesis H0. 

Based on the shape and scale parameters, 2-parameter Weibull distribution is applied 

to determine the fundamental LDA functions (Table 4.9). 
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Table 4.9 - LDA fundamental functions for the fleshing machine. 

Pdf 
0,78

138,48
∙ (

𝑡

138,48
)

0,78−1

∙ 𝑒
−(

𝑡
138,48

)
0,78

 

Reliability 𝑒
−[

𝑡
138,48

]
0,78

 

CDF 1 − 𝑒
−[

𝑡
138,48

]
0,78

 

Failure rate (
0,78

138,48
) ∙ (

𝑡

138,48
)

0,78−1

 

 

Given Table 4.9, the four functions can now be plotted in function of time (Figure 4.12, 

Figure 4.13, Figure 4.14 and Figure 4.15). 

 

 
Figure 4.12 - Pdf curve of the fleshing machine. 

 

Figure 4.12, alike Figure 4.3, shows a similar behavior over time. The curve shows a 

high probability of failure early on, which then gradually decreases in less than 250 hours. 

This suggests that early failures are more common, and the system becomes more 

reliable over time (although reliability is still decreasing - Figure 4.14). This is consistent 

with an item exhibiting infant mortality. 
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Figure 4.13 - CDF curve of the fleshing machine. 

 

The Figure 4.13 represents the cumulative density function over time for the fleshing 

machine. A close inspection of the curve presents a notable increase in probability of 

failure, indicating a steep rise over time. Moreover, the dashed lines, marking the 

confidence bounds, reside remarkably close to the fitted model, indicating that the 

forecasts are highly reliable. 

 

 
Figure 4.14 - Reliability curve of the fleshing machine. 

 

Figure 4.14 displays behavior complementary to that shown in Figure 4.13. Although 

CDF increases over time, the reliability function decreases correspondingly. Moreover, 

the narrow confidence bounds suggest low uncertainty, owing to the significant number 

of TTF analyzed and the very high correlation coefficient. 
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Figure 4.15 - Failure rate of the fleshing machine. 

 

Figure 4.15 illustrates the hazard rate of the fleshing machine, which decreases over 

time. This indicates that the piece of equipment is becoming less prone to failure as it 

ages, after an initial period of higher failure probability. This is consistent with the bathtub 

curve failure pattern, where there is an initial high failure rate decreasing over time – 

infant mortality. 

Ultimately, Table 4.10 demonstrates the reliability of the fleshing machine for the five 

time intervals. 

 

Table 4.10 - Reliability of the fleshing machine at 50, 100, 150, 300 and 500 hours. 

Time (h) 50 100 150 300 500 

Reliability (%) 63,62 46,03 34,50 16,10 6,59 

 

4.3 Belt conveyor & Cutting line 

4.3.1 Description 

The Trimstar cutting line (Figure 4.16), manufactured by Feltre, is used in tannery 

industry for trimming and transporting leather. The main functions of the machine are 

managed by a programmable logic controller (PLC). The table below presents the 

technical specifications of this piece of equipment. 
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Figure 4.16 - Belt conveyor and cutting line. 

 

Table 4.11 - Technical specifications of the cutting line. 

Manufacturer Feltre 

Model Trimstar Pro 

S/N 3053 

Year 2020 

 

4.3.2 Life data analysis 

The life data variables resulting from LDA are based on data from 2021, which is 

converted into 206 TTF. Consequently, the results are displayed in the Table 4.12. 

 

Table 4.12 – Life data characteristics of the cutting machine. 

Shape parameter, β 0,72 

Scale parameter, η [h] 133,68 

MTBF [h] 164,09 

Correlation coefficient, ρ 0,9875 
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Table 4.12 presents the parameters of the Weibull distribution fitted to the TTF data. The 

shape parameter (β = 0,72) indicates a decreasing failure rate, given that β < 1. The 

scale parameter, ρ = 133,67 hours, represents the characteristic life of the cutting 

machine. The high correlation coefficient (ρ = 0,9875) indicates a strong fit of the Weibull 

distribution to the observed data, which provides means of quantifying the important 

reliability parameters such as MTBF. Nevertheless, the results of the chi-square 

goodness of fit test are presented in Table 4.13. 

 

Table 4.13 - Chi-square test of the belt conveyor and cutting line lifetime distribution 

(Weibull - 2 parameter). 

Chi-square (Observed value) 6,237 

Chi-square (Critical value) 14,067 

Degrees of freedom, ν 7 

P-value 0,512 

Significance level, α 0,05 

 

Table 4.13 suggests the following interpretation: 

H0: The sample follows a Weibull – 2 parameter distribution 

Ha: The sample does not follow a Weibull - 2 parameter distribution 

As the computed p-value is greater than the significance level, one cannot reject the null 

hypothesis H0. 

In this context, the fundamental functions are therefore presented in Table 4.14. 

 

Table 4.14 - Life data fundamental functions of the cutting line and belt conveyor. 

Pdf 
0,72

133,68
∙ (

𝑡

133,68
)

0,72−1

∙ 𝑒
−(

𝑡
133,68

)
0,72

 

Reliability 𝑒
−[

𝑡
133,68

]
0,72

 

CDF 1 − 𝑒
−[

𝑡
133,68

]
0,72

 

Failure rate (
0,72

133,68
) ∙ (

𝑡

133,68
)

0,72−1

 

 

Based on the expressions presented in Table 4.14, the fundamental functions are 

subsequently plotted in Figure 4.17, Figure 4.18, Figure 4.19 and Figure 4.20. 
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Figure 4.17 - Probability density function of the belt conveyor and cutting line. 

 

The plot illustrated in Figure 4.17 displays the pdf model in function of time. The curve is 

sharply peaked near the origin, indicating that most failures occur early in the system’s 

life. The long right tail shows that while most units fail early, a small proportion survive 

much longer. This distribution is typical of systems with a significant infant mortality 

phase, followed by a period of lower, more stable failure rates. 

 

 
Figure 4.18 - CDF plot of the belt conveyor and cutting line vs time. 

 

This plot, observed in Figure 4.18, presents the cumulative probability that the belt 

conveyor system will have failed by a given time. The main curve (solid blue) shows a 

classic S-shaped growth, starting near zero and approaching one as time increases. The 

two dashed red lines represent confidence bounds based on sample variability. The 

relatively narrow band between these lines suggests a high degree of certainty in the 

failure probability estimates. In other words, the data gives a strong indication of the 

parameter’s value. 
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Figure 4.19 - Reliability plot of the belt conveyor and cutting line vs time, in hours. 

 

The plot above, presented by Figure 4.19, shows the reliability function (solid blue). The 

curve starts at 1 (full reliability at time zero) and decreases rapidly at first, then more 

slowly, approaching zero as time increases. 

The rapid initial decline mirrors the early failures seen in the probability of failure plot. 

Similar to the CDF curve, the narrow dashed red lines indicate a high level of precision 

in the model’s fit to the data. 

 

 
Figure 4.20 - Failure rate curve as function of time of the belt conveyor and cutting line. 

 

The failure rate, observed in Figure 4.20, starts high, decreases rapidly, and then 

stabilizes at a lower level. This is a classic shape, common in the early phase due to 

infant mortality. This is further supported by the shape parameter, which is lower than 

one (β < 1). 
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At last, the reliability of the conveyor belt and cutting line is highlighted at 50, 100, 150, 

300 and 500 hours in Table 4.15. 

 

Table 4.15 - Reliability of the conveyor belt and cutting line at 50, 100, 150, 300 and 500 

hours. 

Time (h) 50 100 150 300 500 

Reliability (%) 61,22 44,46 33,73 16,61 7,44 

 

4.4 Lime splitting machine 

4.4.1 Description 

This machine (Figure 4.21), called the Predator splitter and manufactured by Alpe Spaks 

S.R.L Centro Spaccatrici, is intended exclusively for splitting hides into two layers: the 

upper layer, known as the top grain, and the lower layer, known as the split. The 

separation is performed by a blade along a conveyor belt. The hide must be inserted into 

the splitter, which is automatically fed by a bench-mounted conveyor.  

 

 
Figure 4.21 - Lime splitting machine. 
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Table 4.16 - Technical specifications of the lime splitting machine. 

Manufacturer Alpe 

Model Predator 3100 

S/N PRE 3120013 

Year 2020 

 

4.4.2 Life data analysis 

The results of the LDA below are based on data from 2021, resulting in 428 TTF. The 

outputs are presented in the Table 4.17. 

 

Table 4.17 – Life data characteristics of the lime splitting machine. 

Shape parameter, β 0,63 

Scale parameter, η [h] 66,74 

MTBF [h] 93,85 

Correlation coefficient, ρ 0,9928 

 

The Table 4.17 presents key statistical parameters for characterizing the lifetime model, 

using a Weibull distribution. The shape parameter, β, is 0,63, indicating a decreasing 

failure rate characteristic typical of early periods. The scale parameter, η, is 66,74 hours, 

representing the characteristic life of the lime splitting machine under study. The MTBF 

is calculated as 93,85 hours, providing an estimate of the expected operational time 

between consecutive failures. The correlation coefficient, ρ, of 0,9928 demonstrates an 

excellent goodness of fit between the theoretical Weibull model and empirical data. The 

relatively low shape parameter combined with the scale parameter indicates that failures 

occur more frequently in the early operational period, which is characteristic of equipment 

experiencing infant mortality. The high correlation coefficient (a value close to one) 

suggests that Weibull distribution provides an accurate representation of the failure 

behavior of the lime splitting machine. Nonetheless, the chi-square test is conducted to 

completely determine this hypothesis, which results are presented in Table 4.18. 

 

Table 4.18 - Chi-square test of the lime splitting machine lifetime distribution (Weibull - 2 

parameter). 

Chi-square (Observed value) 10,589 

Chi-square (Critical value) 14,067 

Degrees of freedom, ν 7 

P-value 0,158 

Significance level, α 0,05 
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The data presented in Table 4.18 support the following interpretation: 

H0: The sample follows a Weibull – 2 parameter distribution 

Ha: The sample does not follow a Weibull - 2 parameter distribution 

As the computed p-value is greater than the significance level, one cannot reject the null 

hypothesis H0. 

Based on previous conclusions, the 2-parameter Weibull distribution is suitable for 

modelling the lifetime behavior, which mathematical expressions are presented in Table 

4.19. 

 

Table 4.19 - Life data fundamental functions of the lime splitting machine. 

Pdf 
0,63

66,74
∙ (

𝑡

66,74
)

0,63−1

∙ 𝑒
−(

𝑡
66,74

)
0,63

 

Reliability 𝑒
−[

𝑡
66,74

]
0,63

 

CDF 1 − 𝑒
−[

𝑡
66,74

]
0,63

 

Failure rate (
0,63

66,74
) ∙ (

𝑡

66,74
)

0,63−1

 

 

According to mathematical expressions from Table 4.19, they can now be plotted to 

illustrate the behavior of the model (Figure 4.22, Figure 4.23, Figure 4.24 and Figure 

4.25). 

 

 
Figure 4.22 - Pdf curve of the lime splitting machine. 

 

This plot, illustrated in Figure 4.22, shows the pdf in terms of time, representing the 

instantaneous likelihood of failure occurring at a specific time. The curve has a very sharp 

peak at very short times, then rapidly declines to zero as time increases. This indicates 

that failures are most likely to occur during the burn-in period, and the chances of failure 

at any given time decreasing as time progresses. 
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Figure 4.23 - CDF curve of the lime splitting machine. 

 

Figure 4.23 illustrates the CDF that this machine will have failed by a given time. The 

curve (solid blue) exhibits a S-shaped growth, starting at zero and asymptotically 

approaching a probability of one as time increases. The confidence bounds (red dashed 

lines) are extremely close to the CDF curve, indicating a high level of certainty for a 

specific probability of unsuccess. 

 

 
Figure 4.24 - Reliability plot of the lime splitting machine. 

 

The plot, presented in Figure 4.24, outlines the reliability function, which is the probability 

that the lime splitting machine survives up to a given time without failure. The curve (solid 

blue) starts at a reliability of one and decreases rapidly towards zero as time increases. 

Within 250 hours of operation, the reliability of the lime splitting machine falls below 20%. 
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Figure 4.25 - Hazard rate of the lime splitting machine. 

 

The hazard rate function in terms of time is given in Figure 4.25. The failure rate is at its 

highest at the very beginning, and it decreases monotonically as time increases, 

approaching a low value at longer times. This type of behavior is typical for systems that 

exhibit early failures due to infant failures. 

As a final point, Table 4.20 shows the probability of success for the five time intervals: 

50 hours, 100 hours, 150 hours, 300 hours, and 500 hours. 

 

Table 4.20 - Reliability of the lime splitting machine at 50, 100, 150, 300 and 500 hours. 

Time (h) 50 100 150 300 500 

Reliability (%) 43,49 27,47 18,81 7,48 2,78 

 

4.5 System’s reliability 

The beamhouse line combines, mainly, the function of the four machines presented in 

Chapters 4.1, 4.2, 4.3 and 4.4. The four machines operate in series as illustrated by the 

RBD in the Figure 4.26, and independently of each other. 

 

 
Figure 4.26 - Beamhouse line RBD in a series configuration. 

 

Figure 4.26 represents the RBD of the system under analysis. The items are arranged 

in a series configuration, corresponding to the sequential steps of the production 

process, starting with the leather transport clamp machine and ending with the lime 

splitting machine. The system is considered operational as long as all components are 
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functioning; it fails when any single component ceases to operate. Consequently, the 

reliability equations presented in the Chapter 3.5.1 will be applied in this section to 

calculate the overall system reliability (Table 4.21). MTBF is calculated with the help of 

Equation (3.15). 

 

Table 4.21 - Overall beamhouse line reliability. 

Time (h) 50 100 150 300 500 

Reliability (%) 14,82 4,45 1,59 0,114 0,00584 

Probability of 

Failure (%) 
85,18 95,55 98,41 99,89 99,99 

MTBF (h) 25,05 

 

The data from Table 4.21 indicates a high probability of failure within a relatively short 

timeframe. For instance, at 50 operating hours, the reliability is only 14,82%, implying an 

85,18% probability of failure. This probability increases sharply as operating time 

increases, reaching 99,99% at 500 hours. The MTBF for the beamhouse line is recorded 

as 25,05 hours. This metric signifies, on average, the expected operating time before a 

failure occurs. The relatively low MTBF value, coupled with the low and rapid decrease 

of reliability, suggests that the beamhouse line is prone to frequent breakdowns. 

Therefore, the system improvement is presented in the next section. 

4.6 System’s reliability improvement 

In this section, several alternative configurations, such as parallel and standby setups, 

are presented as potential improvements to the current setup. Complex and k-out-of-n 

systems will not be simulated, as they are not physically applicable in this context.  

 

4.6.1 Parallel configuration 

Within this section several redundant parallel configurations (Figure 4.27) will be 

presented for comparison with the overall reliability of the current system.  

 

 
Figure 4.27 - Beamhouse line RBD in a parallel configuration. 
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Figure 4.27 illustrates two lines that are working simultaneously. The system fails only 

when the two lines stop operating. In this regard, since the series configuration reliability 

has already been determined for the various time periods, the RBD can be simplified as 

demonstrated in Figure 4.28. 

 

 
Figure 4.28 - Beamhouse line RBD in a parallel configuration (simplified). 

 

Applying Equation (3.74) to the configuration illustrated in Figure 4.28, the following 

results are obtained (Table 4.22). 

 

Table 4.22 - Overall system reliability in a parallel configuration. 

Time (h) 50 100 150 300 500 

Reliability (%) 27,45 8,71 3,15 0,228 0,0117 

Probability of 

Failure (%) 
72,55 91,29 96,85 99,77 99,99 

MTBF (h) 40,78 

 

Analysis of Table 4.22 reveals a modest increase in overall system reliability. While 

reliability at 50 operating hours improved from 14,82% to 27,45%, the overall reliability 

remains low, despite that the improvement increases over time (Table 4.23). Comparing 

with Table 4.21, the parallel configuration manages to maintain a reliability level 

approximately twice as high at each interval, which represents a substantial 

improvement, even though both systems exhibit a sharp decline in reliability over time.  

Consequently, the unreliability is consistently lower in the parallel configuration during 

the initial and intermediate stages. At 50 hours the probability of failure is 72,55% for the 

parallel system, in contrast to 85,18% for the beamhouse line. This difference persists 
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up to 300 hours. However, both systems converge to a probability of failure of 99,99% 

at 500 hours, indicating that in the long run, even parallel redundancy can not prevent 

an eventual near certainty of failure. 

The MTBF is a crucial metric that corroborates the superiority of the parallel 

configuration. The parallel system shows an MTBF of 40,78 hours, which is higher than 

the 25,05 hours of the series system. 

Moreover, the greatest advantage of this type of configuration is that it escalates 

production capacity through improved reliability, making it a suitable option for 

organizations that seek both objectives. 

 

Table 4.23 - Reliability improvement by comparing the series beamhouse line system and 

in a parallel configuration. 

Time (h) 50 100 150 300 500 

Reliability 

Improvement (%) 
+12,63 +4,26 +1,56 +0,114 +0,00586 

MTBF 

Improvement (h) 
+15,73 

 

As observed in Table 4.23, the improvement of reliability increases over time, but the 

growth is each time less. 

In this context, it is possible to determine the number of beamhouse lines required to 

guarantee, for example, 90% reliability at 50 operating hours under the same conditions: 

 

𝑅𝑠𝑝50 = 0,90 = 1 − 0,8517𝑛 ↔ 𝑛 ≅ 14,35 → 𝑛 = 15 𝑙𝑖𝑛𝑒𝑠, 𝑛 ∈ ℕ 

 

Where 𝑅𝑠𝑝50 corresponds to the reliability at 50 operating hours when the system follows 

a parallel configuration. 

Assuming the leather producing company operates 15 beamhouse lines simultaneously, 

the resulting reliability is presented in Table 4.24. 

 

Table 4.24 - System reliability overall for 15 beamhouse lines in a parallel configuration. 

Time (h) 50 100 150 300 500 

Reliability (%) 90,99 49,52 21,32 1,70 0,0876 

Probability of 

Failure (%) 
9,01 50,48 78,68 98,30 99,91 

MTBF (h) 113,85 
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The analysis of Table 4.24 reveals a significant enhancement when compared to the 

current system reliability overall. Table 4.21, representing the initial system configuration, 

shows a rapid decline in reliability over time, with a reliability, for example, of 4,45% at 

100 operating hours and 1,59 % at 150 hours. In contrast, Table 4.24, illustrating the 

performance after improvement, demonstrates a substantial improvement (Table 4.25). 

While reliability still decreases with operating time, the decline is considerably less steep. 

At 100 hours, the reliability has increased to 49,52%, and at 150 hours, it reaches 

21,32%. 

Consequently, the probability of failure is drastically mitigated in the fifteen-line parallel 

configuration, particularly during the initial phases of operation. At 50 hours, the 

unreliability for the parallel system is a mere 9,01%, in stark opposition to 85,18% for the 

single line. By 100 hours, the parallel system’s probability of failure is 50,48%, whereas 

the single line has already reached 95,55%. At 150 hours, the probability of failure for 

the parallel system is 78,66%, still substantially lower than the single line’s 98,41%. 

Although the probability of failure approaches unity for both systems at very extended 

operating times, the parallel configuration undeniably affords a considerably longer 

operational period. 

The MTBF provides the most compelling quantitative evidence of improvement. The 

system incorporating fifteen parallel lines exhibits an MTBF of 113,85 hours, which 

represents an increase of over fourfold compared to the 25,05 hours of a single 

beamhouse line.  

 

Table 4.25 - Reliability improvement by comparing the beamhouse line in a series 

configuration and in a parallel configuration with 15 lines. 

Time (h) 50 100 150 300 500 

Reliability 

Improvement (%) 
+76,17 +45,07 +19,73 +1,59 +0,082 

MTBF 

Improvement (h) 
+88,8 

 

A comparison of the reliability improvements, shown in Table 4.23 and Table 4.25, 

highlights significant gains resulting from the simulated system improvement. Notably, 

the reliability improvement decreases significantly as time increases on both 

configurations. This indicates that the benefit of redundancy strategy is very high at short 

operating times, and marginal as time increases. 

An alternative to fully parallel configuration is to implement partial redundancy by 

equipping only selected elements with backup systems. This approach is more cost-

effective, as it avoids the need to duplicate the entire beamhouse line. However, this 
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configuration is expected to offer lower overall system reliability compared to a fully 

parallel setup. Despite this, it still provides a significant reliability improvement over a 

traditional single-line (series) configuration. 

In this context, a parallel-series configuration (Figure 4.29) is proposed as a viable 

solution for the current beamhouse system. 

 

 
Figure 4.29 - RBD of the Parallel-Series configuration. 

 

Figure 4.29 represents a configuration that consists of a system that commences with a 

transport clamp machine, which operates in series with the rest of the configuration. This 

implies that a failure of this initial machine would lead to the failure of the entire system, 

regardless of the status of subsequent components. However, this decision was based 

on the fact that the transport clamp machine is the most reliable item among the four 

pieces of equipment.  

Following the transport clamp machine, the system branches into two identical 

processing lines, arranged in parallel. Each of these parallel lines consists of three 

machines connected in series: a fleshing machine, followed by a bell conveyor, and 

finally a lime splitting machine.  

For the system to continue operating past the transport clamp machine, only one of the 

two lines needs to be functional. 

In this regard, reliability is calculated based on Equations (3.73) and (3.74) and 

presented in Table 4.26. 

 

Table 4.26 - System reliability overall of the parallel-series configuration. 

Time (h) 50 100 150 300 500 

Reliability (%) 27,14 8,66 3,14 0,228 0,0117 

Probability of 

Failure (%) 
72,86 91,34 96,86 99,77 99,99 

MTBF (h) 40,33 

 

Table 4.26 and Table 4.22 reveal remarkably similar reliability metrics. Both the reliability 

and probability of failure values are nearly identical across all time intervals, converging 

completely at longer operational durations. The MTBF also shows a marginal difference 
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between (40,78 hours versus 40,33) (Table 4.27). This striking similarity indicates that 

implementing either a fully parallel system or the proposed parallel-series system would 

result in comparable performance. Therefore, the parallel-series setup may serve as a 

viable and more cost-effective alternative to the fully parallel system. 

 

Table 4.27 - Reliability improvement comparing the fully parallel configuration to the 

proposed parallel-series system. 

Time (h) 50 100 150 300 500 

Reliability 

Improvement (%) 
+0,31 +0,05 +0,01 +0,0 +0,0 

MTBF 

Improvement (h) 
+0,45 

 

Table 4.27 presents a comparison of the overall reliability between the proposed parallel-

series system and a fully parallel setup. As anticipated, the reliability values of the 

parallel-series system are slightly lower than those of the fully parallel configuration. 

However, the differences are minimal across all evaluated criteria, reinforcing the notion 

that the parallel-series setup represents a viable and a more cost-effective alternative to 

the fully parallel system. 

 

4.6.2 Standby configuration 

In this section, an alternative redundant configuration will be presented as a possible 

solution for system improvement - standby configuration (Figure 4.30). 

 

 
Figure 4.30 - Standby configuration of two beamhouse lines. 
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Figure 4.30 depicts two beamhouse lines in a standby configuration. The design 

incorporates line 1 as the operating unit (active unit), while line 2 is viewed as the standby 

unit, meaning that the second line is engaged only when there is a failure in the first. To 

facilitate automatic switchover, a switching device (SS) is incorporated into the system. 

This device is responsible for detecting a failure and seamlessly redirecting operations 

to the available (standby) line.  

For purposes of the current simulation, it is assumed that the switching device operates 

100% reliability. Under this assumption, Equation (3.76) becomes applicable. However, 

to apply this equation appropriately, a few assumptions must be established: 

• 𝑅1 represents the reliability of the active beamhouse line and is calculated using 

Equation (3.73), which corresponds to the reliability of a series system. 

• 𝑓1(𝑡) denotes the pdf of the active beamhouse line, which can be obtained using 

Equation (3.1). 

• 𝑅2 is the reliability of the standby beamhouse line, which is assumed to be 

identical to that of the active line. 

Based on these assumptions, Equation (3.76) can be reformulated as follows: 

 

𝑅𝑠𝑦𝑠(𝑡) = 𝑅1(𝑡) + ∫ −
𝑑

𝑑𝜏
 𝑅1(𝜏) ∙ 𝑅1(𝑡 − 𝜏)𝑑𝜏

𝑡

𝜏=0

 

 

Calculating the reliability of the standby system at different operating hours, the 

corresponding results are presented in the table below (Table 4.28). 

 

Table 4.28 - Standby system reliability overall with two beamhouse lines (one active and 

one standby). 

Time (h) 50 100 150 300 500 

Reliability (%) 35,66 12,99 5,07 0,403 0,0207 

Probability of 

Failure (%) 
64,34 87,01 94,93 99,60 99,98 

MTBF (h) 50,08 

 

Table 4.28, in terms of reliability, demonstrates superior performance compared to a 

single line (Table 4.21), particularly in the initial phases (Table 4.29). At 50 hours, the 

standby system exhibits a reliability of 35,66%, which is more than double the 14,82% of 

a single line. This advantage, while significant, diminishes over time but remains evident: 

at 100 hours, the standby system’s reliability is 12,99% versus 4,45% for the single line; 

at 150 hours, it is 5,07% compared to 1,59%. As operating time extends to 300 and 500 
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hours, both systems experience a sharp decline in reliability, converging towards 

extremely low values.  

Correspondingly, the probability of failure is reduced in the standby system. The 

unreliability at 50 hours is 64,34%, a substantial improvement over the 85,18 for a single 

line. This reduction in failure probability is sustained throughout the time periods under 

consideration: 87,01% versus 95,55% at 100 hours, and 94,93% versus 98,41% at 150 

hours. Looking at common failure probabilities of near certainty at 300 hours and 500 

hours for both systems, the standby configuration provides a robust margins of 

operational time before facing unacceptable failure probabilities. 

The MTBF provides a quantitative measure of this improvement. The standby system 

boasts an MTBF of 50,08 hours, which is approximately double the 25,05 hours of a 

single beamhouse line.  

 

Table 4.29 - Reliability improvement by comparing the beamhouse line in the series 

configuration and in the standby configuration. 

Time (h) 50 100 150 300 500 

Reliability 

Improvement (%) 
+20,84 +8,54 +3,48 +0,289 +0,0149 

MTBF 

Improvement (h) 
+25,03 

 

Table 4.29 quantifies the substantial reliability gains achieved by implementing a standby 

redundancy strategy. The data reveals a progressive and significant increase in 

reliability, with the standby system showing a 20,84% improvement at 50 hours, relative 

to a single-line series configuration. However, this enhancement is consequently lower 

over the time. In addition, the MTBF has increased 25,03 hours, meaning that it nearly 

doubled. These results highlight the potential of standby redundancy to significantly 

increase system reliability and operational longevity. On the other hand, this 

configuration does not permit to increase the production capacity, through reliability 

improvement, similarly to the parallel configuration. 

Similar to the previous section, the following approach presents a combination of standby 

and series configurations (Figure 4.31). This method does not require duplication of the 

entire beamhouse line, so it is empirical to note that while the trade-off of reliability will 

be less that the fully standby independent configuration, it can still add a significant 

addition to reliability overall.  
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Figure 4.31 - RBD of a combination of standby and series systems. 

 

Figure 4.31 illustrates a sophisticated mixed system configuration that strategically 

combines series components with a standby redundancy arrangement. This diagram 

visually delineates a system where both transport clamp machine and switching device 

are arranged in series, signifying that a failure in either would halt the entire process. 

However, it is assumed that the reliability of the switching device remains 100% over the 

time. In this regard, the overall system reliability results are presented in the following 

table (Table 4.30). 

 

Table 4.30 - Reliability overall of a combination of series and standby systems. 

Time (h) 50 100 150 300 500 

Reliability (%) 34,48 12,53 4,90 0,392 0,0204 

Probability of 

Failure (%) 
65,52 87,47 95,10 99,61 99,98 

MTBF (h) 48,71 

 

Table 4.30 represents the results of a mixed system combining a standby configuration 

in a series setup with transport clamp machine. Comparing Table 4.28 and Table 4.30, 

in both combinations, reliability decreases significantly as operational time increases. 

However, the standby system shows slightly higher reliability values at nearly every time 

checkpoint – 35,66% versus 34,48% at 50 hours, 12,99% versus 12,53% at 100 hours 

and 5,07% versus 4,90% at 150 hours. At 300 and 500 hours, both systems exhibit 

extremely low reliability (approaching zero), though the standby system continues to 

marginally outperform. 

Conversely, the probability of failure naturally mirrors these trends. At 50 hours, the 

failure probability for the standby system is 64,34%, compared to 65,52% for the 

combined system. At 100 and 150 hours, the combined system again, as anticipated, 

shows slightly worse performance, with failure probabilities of 87,47% and 95,10%, 

respectively, versus 87,01% and 94,93% for the standby system. By 300 and 500 hours, 

the difference becomes almost negligible (both greater than 99,60%), indicating that 

long-term reliability is poor regardless of the system configuration, and intervention would 

be necessary before such durations. 
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The MTBF achieves a value of 50,08 hours when the system is configured in standby, 

whereas the combined system reports 48,71 hours. Though the difference is modest, it 

confirms that slightly superior reliability of the standby configuration in the observed 

scenarios (Table 4.31). 

 

Table 4.31 - Reliability improvement when comparing the standby system to the mixed 

system (standby and series). 

Time (h) 50 100 150 300 500 

Reliability 

Improvement (%) 
+1,18 +0,46 +0,17 +0,01 +0,00 

MTBF 

Improvement (h) 
+1,37 

 

Table 4.31 highlights the incremental reliability improvement observed when comparing 

the pure standby system to the mixed system. The improvements across all time 

intervals remain below 2%, with the highest gain of 1,18% at the 50-hour mark. The 

MTBF also shows a modest improvement of +1,37 hours. The results show that although 

the standby system achieves slightly better performance, the differences are minimal. 

This suggests that, depending on cost and operational constraints, the mixed system 

may be a more cost-effective alternative compared to a completely redundant (standby) 

system. 
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5. Final remarks and conclusions 

This master thesis has taken me on a real walk through what keeps factories on their 

feet. Rather than drawn in theory, I followed reliability engineering all the way to the floor 

of a leather plant, where I shadowed its beamhouse line and heard the clatter of the 

machines doing their jobs. My purpose was a simple one: to take the heavy theory 

around reliability engineering and contrast it with actual field conditions; capturing the 

length of time equipment survives (or failures), the pattern of failures, and most 

incredibly, how things could be improved. I now realize how important it is to link technical 

knowledge and theoretical concepts with real-life challenges to derive value. 

Ultimately, I hope this work acts as more than some interesting figures, numbers and 

formulas on reliability, but as a small step towards smarter maintenance, less downtime 

and improved support for the management and human resources that work on these 

systems. 

One of the key takeaways is the importance of employing lifetime distributions to 

accurately model and predict the failure behavior of the equipment. These models 

provide valuable insights into whether assets are in their early, useful or wear-out 

phases, enabling maintenance teams to optimize intervention frequencies and therefore 

prevent unexpected downtimes. This means that the preventive maintenance 

frequencies should be synchronized with the asset’s life phase. For example, ideally the 

preventive maintenance should be carried out when the item enters the wear-out period 

(β > 1). 

During the initial analysis of the transport clamp, fleshing machine, belt conveyor and 

lime splitting machine (Table 4.2, Table 4.7, Table 4.12, Table 4.17, respectively), all 

components exhibited a shape parameter less than one (β < 1), despite not being factory 

new. This result typically indicates a decreasing failure rate over time, commonly 

associated with early-life failures or infant mortality. According to Bazovsky [129], in the 

case of nonperfect repair the failure rate stabilization process may assume a damped 

oscillatory character. In other words, despite maintenance efforts, the failure rate can 

initially increase before stabilizing. Corset et al. [130] state that corrective maintenance 
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actions are assumed to restore the system to a like-new state. This suggests that repairs 

may reintroduce early-life failures (infant mortality) characteristics. Dhillon [131] explains 

that some of the reasons for failures in burn-in period include substandard workmanship 

and parts, poor manufacturing methods, human error, inadequate quality control, and 

unsatisfactory debugging. Summarizing, this unexpected pattern suggested that failure 

behavior in these systems was not purely the result of aging or usage, but potentially 

influenced by maintenance practices, repair quality, or even flawed assumptions about 

the post-repair condition of the assets. 

Subsequently, the analysis of the beamhouse line revealed a concerning reality. As 

shown in Table 4.21, the system, when left in its original configuration, demonstrated a 

low level of resilience, with a MTBF of just 25,05 hours. This figure clearly indicated that, 

without intervention, the system was prone to frequent disruptions – a serious risk for 

continuity of production. 

This finding served as a turning point in the study, prompting a closer look at redundancy 

strategies – particularly parallel, standby and mixed configurations. The implementation 

of a parallel system, whose results are presented in Table 4.22, offered a better outcome. 

It provided the system with an increased buffer against failure (Table 4.23), nearly 

doubling the MTBF to 40,78 hours. This highlights the immediate, tangible benefits of 

having a reliable backup. 

The analysis was taken a step further from the initial findings and extended into a system 

of 15 beamhouse lines in a parallel arrangement (Table 4.24). The MTBF was improved 

to 113,85 hours, and reliability at critical time points saw gains exceeding 1000%. This 

improvement emphasizes the gains that can be derived from large-scale redundancy in 

any critical industrial environment. In addition, to the reliability of operations, the 

redundancy. In addition to the reliability in operations, the redundancy of parallel 

arrangements will deliver real economic and productivity gains, which is an effective 

approach to maximizing both uptime and the lifespan of the system. 

A mixed configuration, combining parallel and series networks, where transport clamp 

machine is placed in series with a parallel block of two processing lines (each line 

consisting of a fleshing machine, belt conveyor, and lime splitting machine) also 

contributed to positive results. This parallel-series structure produced an MTBF of 40,33 

hours, very close to the fully parallel system. As Table 4.26 and Table 4.27 show, 

reliability varied little over any of the time windows tested, and the gains stayed below 

1.15% at all points. This small edge, combined with lower cost and space demand, 

confirms that the parallel-series layout can replace full parallel schemes when budgets 

or room constrain total duplication. 
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Also, in parallel, the standby redundancy configuration (Table 4.26), with its own 

resilience, was assessed. The MTBF improved to 50,08 hours, once again proving that 

it is better with redundancies than having no redundancy at all with a single-line 

configuration. One standby redundancy (one active line and one standby) has proved to 

be more effective than parallel redundancy, by comparing the MTBF values and reliability 

at 50, 100, 150, 300 and 500 hours. However, the implementation of the standby setup 

requires investment in acquiring and programming the switching device, which detects 

the failure and swaps the production process to the available line. 

The analysis of the combination of standby and series configurations significantly 

enhances the reliability of the system when compared to a simple series configuration. 

However, as demonstrated these results are slightly lower when compared to the fully 

standby system. The advantage of this type of setup, similar to parallel-series system, is 

the cost-effectiveness, since there is no necessity in duplicating all the assets. 

In comparing the standby versus the parallel configurations, it is evident that both types 

of arrangement provide greater reliability than using a single series system. However, in 

all the simulations presented, the standby setups have demonstrated better results. 

Parallel network requires the duplication of the beamhouse line, guaranteeing production 

continuity whenever at least one line remains functional. The greatest advantage of this 

configuration is that the production capacity increases through reliability improvement, 

which makes a highly suitable option for companies that pursue both goals. Contrary, 

the standby system provides the best reliability and MTBF improvement, however the 

standby unit is idle until the active line fails. Additionally, the standby configuration 

requires acquisition and programming of the switching device in order to commute 

between available lines. At the same time, a parallel system is less reliable and less 

expensive compared to a standby system, the last one is a trade-off between reliability 

and cost.  

The implementation of any of those possibilities would give the leather-producing 

organization a more reliable system, reducing downtimes and disruptions. Any of these 

possibilities have their own requirements, which should be taken into consideration 

during the decision-making process, including investment, human resources and 

physical space. As demonstrated in this study, the beamhouse line exhibits highly 

unreliable behavior even during moderate operational periods. The overall reliability of 

the beamhouse line is largely influenced by the reliability of each physical asset studied 

during the thesis (transport clamp, fleshing machine, belt conveyor and lime splitting 

machine). In this regard, I consider it of paramount importance to increase the reliability 

of each element of the beamhouse line. To achieve this, it is imperative to implement a 

robust maintenance plan (ideally to be carried out when the piece of equipment reaches 

a shape parameter greater than one, β > 1) and maintain the items at their useful life (β 
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= 1); frequent inspections; and potentially a reevaluation of component durability or 

system design. From an organizational perspective, this translates into reduced 

downtime and minimized production losses and associated costs, and production 

continuity, guaranteeing prosperity and competitiveness of the enterprise. 

A possible direction for future research could involve improving the individual reliability 

of the items by applying all necessary technical and qualitative actions that would assist 

the physical assets to resist less and more effectively transit to their useful life. 

Additionally, a careful analysis of the raw data, taking into the account detailed 

maintenance historical records, could further guarantee the quality and robustness of the 

investigation. 
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Appendix 

 

Appendix A – Algorithm written in Python to connect to a SQL database and perform 

reliability calculations. 
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Appendix B – Chi-square critical values table (adapted from [132], [133], [134]). 

 

ν \ 
α

 
 

0,995 0,975 0,2 

 
0,1 0,05 0,025 0,01 0,005 

1 0,000 0,001 1,642 2,706 3,841 5,024 6,635 7,879 

2 0,010 0,051 3,219 4,605 5,991 7,378 9,21 10,597 

3 0,072 0,216 4,642 6,251 7,815 9,348 11,345 12,838 

4 0,207 0,484 5,989 7,779 9,488 11,143 13,277 14,86 

5 0,412 0,831 7,289 9,236 11,07 12,833 15,086 16,75 

6 0,676 1,237 8,558 10,645 12,592 14,449 16,812 18,548 

7 0,989 1,690 9,803 12,017 14,067 16,013 18,475 20,278 

8 1,344 2,180 11,03 13,362 15,507 17,535 20,09 21,955 

9 1,735 2,700 12,242 14,684 16,919 19,023 21,666 23,589 

10 2,156 3,247 13,442 15,987 18,307 20,483 23,209 25,188 

11 2,603 3,816 14,631 17,275 19,675 21,92 24,725 26,757 

12 3,074 4,404 15,812 18,549 21,026 23,337 26,217 28,3 

13 3,565 5,009 16,985 19,812 22,362 24,736 27,688 29,819 

14 4,075 5,629 18,151 21,064 23,685 26,119 29,141 31,319 

15 4,601 6,262 19,311 22,307 24,996 27,488 30,578 32,801 

16 5,142 6,908 20,465 23,542 26,296 28,845 32,000 34,267 

17 5,697 7,564 21,615 24,769 27,587 30,191 33,409 35,718 

18 6,265 8,231 22,76 25,989 28,869 31,526 34,805 37,156 

19 6,844 8,907 23,9 27,204 30,144 32,852 36,191 38,582 

20 7,434 9,591 25,038 28,412 31,41 34,17 37,566 39,997 

25 10,520 13,120 30,675 34,382 37,652 40,646 44,314 46,928 

30 13,787 16,791 36,25 40,256 43,773 46,979 50,892 53,672 

35 17,192 20,569 43,77 46,059 49,802 53,203 57,342 60,275 

40 20,707 24,433 47,269 51,805 55,758 59,342 63,691 66,766 

 

ν – degrees of freedom 

α – significance level 


