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Abstract. In this study, we propose a methodical approach to selecting an ap-
propriate statistical distribution for reliability analysis. In this approach, we
have defined a methodology for testing reliability distributions based on the
Kolmogorov Smirnov K-S test for MTBF Data collected from Self-Diagnostic
of a sample of 50 critical components part of a complex automotive system.
Finally, we proposed two solutions: the first involves migrating from one dis-
tribution to another according to the intervals, and the second allows for the
selection of the distribution that is representative over a maximum number of
intervals. These strategies were developed from the analysis of results after
application of the K-S test on the distributions tested. This approach will con-
tribute. to the reliability analysis of complex systems. As a result, in improving
the models used to analyze complex systems behavioral analogies such as Petri
nets or Markov chains.
Index Terms : Statistical distribution, Kolmogorov Smirnov K-S test, Self-
Diagnosis, reliability of complex automotive systems.

1 Introduction

The design of automotive mechatronic systems [1] relies on increasingly sophisticated com-
ponents, whose reliability is crucial to ensure safety, performance, and customer satisfaction
[2]. The reliability of automotive components [3] is not only essential to prevent the expen-
sive and potentially dangerous failures, but also plays a key role in improving experiences
for designers and developers [4]. In this context, reliability analysis that contributes to the
operational safety of systems designed or to be developed is not simply an option, but a must
for vehicle manufacturers [5].
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Previous research and studies have highlighted various methods for assessing the reli-
ability of automotive components [6]. These studies are based on statistical models, and
durability tests have been used [7] to predict potential failures and estimate component life-
time [8]. These tests allow us to collect the data for the failures and apply statistical models
to analyze the data [9]. And, improving the study of models such as Petri net (PT net) [10]
and Markov chain [11], ... proposed to study and simulate the behavior of complex systems
[12].

Among the commonly used statistical models, we can find Weibull model, which is par-
ticularly useful for analyzing component failure times and is widely used because of its flexi-
bility in representing different forms of failure distribution [13]. The exponential model, often
used for components with a constant failure rate, is simple but less flexible than the Weibull
model [14]. The log-normal model is applied when failure times are log-normal, which is
often the case for electronic components where failure depends on multiple multiplicative
factors [15].

One of the main difficulties lies in selecting the appropriate reliability distribution for a
component [16]. An inappropriate selection can lead to inaccurate estimates of lifetime and,
consequently, to sub-optimal maintenance decisions and erroneous informations contributing
to decision support. To select the appropriate distribution, we need to search for a methodi-
cal approach. This approach includes failure data analysis, where component failure data is
collected and analyzed to understand their behavior in the different operating conditions. sta-
tistical hypothesis test, such as the Kolmogorov-Smirnov test [17] or the chi-squared test [18],
are used to verify the fit of failure data to candidate distributions. Model comparison involves
comparing several distribution models using information criteria such as the Akaike Informa-
tion Criterion (AIC) or the Bayesian Information Criterion (BIC) to identify the model that
offers the best compromise between complexity and fit [19]. Cross-validation involves using
cross-validation techniques to assess the predictive performance of selected models [20].

By applying this methodical approach, it is possible to select the appropriate reliability
distribution(s) for each component and improving the accuracy of lifetime estimates and the
effectiveness of maintenance strategies. To overcome these challenges, our research proposes
a methodical approach to validating the suitable reliability distribution for a specific compo-
nent in the automotive industry. We will focus on an electronic component X (an intelligent
sensor, for example), which is critical to vehicle performance. Our method relies on the use
of robust statistical test and simulation techniques to identify the distribution that describes
better the mean time between failure (MTBF) data for this component.

2 Assumptions Made for the choice of the most suitable distribution

To select the appropriate reliability distribution for repairable critical components in complex
automotive mechatronic systems, we based our approach on a set of key assumptions. These
assumptions allow us to structure our analysis and ensure that the results obtained will be
accurate and relevant. The main assumptions used in our study are listed in the table below
“Tab. 1”:

Table 1. HYPOTHESES USED TO IDENTIFY THE MOST APPROPRIATE DISTRIBUTION

Assumption Description Justification
Failure time distribu-
tion

We have assumed that the fail-
ure times of repairable com-
ponents can be modeled by
statistical distributions com-
monly used in reliability anal-
ysis, such as exponential dis-
tributions, log-normal, and
gamma, ...

This assumption is commonly
adopted to simplify the initial
analysis and allow the applica-
tion of various statistical tests to
validate distribution models.

Self-Diagnosis Data We have assumed that compo-
nent MTBF data, taken from
self-diagnostic systems, is ac-
curate and complete.

Modern Self-Diagnostic sys-
tems are designed to provide de-
tailed and reliable information
on component performance,
which is crucial for rigorous
reliability analysis.

Failure Indepen-
dence

We have assumed that compo-
nent failures are independent
of each other.

This assumption simplifies the
model and allows the use of
conventional statistical tests.
However, it must be verified
for each type of component,
according to actual conditions
of use.

Constant Use Condi-
tions

We have assumed that com-
ponent operating conditions
are constant and homoge-
neous over the observation pe-
riod X.

Although operating conditions
may vary, this assumption is
necessary to establish the base
for comparison between the dif-
ferent reliability distributions.

Repairability model We have assumed that the
components studied are re-
pairable, and that the MTBF
data correctly reflect the fail-
ure and repair cycles.

Taking reparability in consider-
ation is essential for a realistic
reliability analysis, because it
influences the intervals between
successive failures.

The hypotheses of our study are now established. We are now able to describe the method-
ology used to select the appropriate reliability distribution. The methodology detailed below
will guide us through the various stages of our analysis. This will guarantee a rigorous and
systematic approach, ensuring the reliability and validity of our conclusions.

3 Methodology

This section describes the methodology adopted to develop a suitable reliability distribution
for repairable critical electronic components used in automobiles. The process followed com-
prises several key steps, from collecting data from the database relating to each component
self-diagnosis to reliability analysis using an adjusted law after validating the distribution.
The details of each step are described below “Fig. 1”.

The study starts with the collection of Self-Diagnostic Data for each electronic compo-
nent. These components have an embedded Self Diagnosis which record faults and allow the
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calculation of the number of faults with respect to time, then the MTBF to be estimated on a
continuous way. The data collected enables us to measure component reliability over time. In
fact, we have taken a sample of 50 electronic components that are assumed to be repairable,
operating in the same environments (automatic gearbox, for example).

Once the Self-Diagnostic Data has been collected, it is loaded for further analysis. The
values in the MTBF series are then ordered from smallest to highest. This step is crucial to
facilitate statistical analysis and modeling of reliability data. Ranking the data also helps to
identify trends and variations in component performance.

The next step is to test the MTBF Data set using a statistical test. Various statistical
distributions, such as the exponential, Weibull, or log-normal, will be tested by comparing
their cumulative distribution functions with the empirical data. The distributions that pass
the test will be selected, while those that fail will be rejected. Once the suitable distributions
are identified, we can proceed with the reliability analysis based on the fitted distribution.
This will allow us to estimate key reliability parameters like the failure rate and mean time
between failures, which are crucial for enhancing the design and maintenance of electronic
components in complex automotive systems.

The steps described above are illustrated in the figure below. This figure shows the com-
plete methodological process, from self-diagnostic data collection to reliability analysis using
a fitted law. Each step is represented in clear way the workflow and the progression of the
analysis, enabling understanding of the approach adopted to develop the reliability distribu-
tion for the 50 electronic components studied.

Figure 1. METHODOLOGY USED TO ELABORATE THE RELIABILITY DISTRIBUTION

After describing in detail, the methodology adopted to develop the reliability distribution,
we will explain now how this methodology was applied practically in our study. We will

explain the results obtained, the analyses carried out and the conclusions extract from the
application of our methodological approach to the electronic components tested.

4 Elaboration of the Reliability distribution: Application of the
methodology

4.1 Implementation Of Reliability Distributions For Collected Data

At the beginning, we detail the application of the methodology developed to elaborate a re-
liability distribution adapted to the electronic components studied. We began by collecting
Self-Diagnostic Data for each electronic component. The selected sample comprised 50 sim-
ilar components studied during an observation period X, operating in the same environments
such as automatic gearboxes. The MTBFs were extracted and ordered to begin statistical
analysis for the evaluation of distributions. The ordered series DATA of MTBF used in this
study is as follows:

[232, 345, 410, 581, 603, 699, 740, 894, 923, 1012, 1123, 1189, 1269, 1381, 1411, 1631,
1697, 1811, 1923, 2056, 2196, 2023, 2241, 2322, 2491, 2601, 2711, 2834, 2894, 2976, 3087,
3115, 3135, 3167, 3216, 3246, 3266, 3268, 3302, 3413, 3426, 3465, 3486, 3511, 3523, 3583,
3678, 3721, 3743, 3811];

This ordered data forms the basis of our study for statistical analysis and evaluation of
reliability distributions. To model adequately the reliability of this base, we will present the
statistical distributions used in reliability analysis and their parameters to be estimated. The
following table “Tab. 2” recapitulates the different statistical distributions used in reliability
analysis: Weibull, Log-Normal, Exponential, Normal, Gamma, etc., as well as their own
parameters to be estimated, which will help us frame our analysis.

Table 2. DIFFERENT STATISTICAL DISTRIBUTIONS USED IN RELIABILITY ANALYSIS

Distribution Parameters Probability Density
Function (PDF)

Cumulative Distribution
Function (CDF)

Weibull β (shape), η
(scale)

f (t) = β
η

(
t
η

)β−1
e−
(

t
η

)β
F(t) = 1 − e−

(
t
η

)β

Log Normal µ (Mean), σ
(standard devia-
tion)

f (t) = 1
tσ
√

2π
e−

(ln t−µ)2
2σ2 F(t) = 1

2 +
1
2 erf
(

ln t−µ
σ
√

2

)

Exponential λ (failure rate) f (t) = λe−λt F(t) = 1 − e−λt

Normal µ (Mean), σ
(standard devia-
tion)

f (t) = 1
σ
√

2π
e−

(t−µ)2
2σ2 F(t) = 1

2

[
1 + erf

(
t−µ
σ
√

2

)]

Gamma k (shape), θ
(scale)

f (t) = tk−1e−t/θ

θkΓ(k) F(t) = 1
Γ(k)γ
(
k, t
θ

)

After presenting the different distributions used in reliability analysis and their elements
to be considered, we now need to assess the suitability of these distributions to the observed
data. For this step, we’ll use the Kolmogorov-Smirnov Test (K-S), a non-parametric statistical
tool used to compare cumulative distributions with theoretical distributions.
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After presenting the different distributions used in reliability analysis and their elements
to be considered, we now need to assess the suitability of these distributions to the observed
data. For this step, we’ll use the Kolmogorov-Smirnov Test (K-S), a non-parametric statistical
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4.2 Kolmogorov Smirnov Test (K-S) For Evaluating Reliability Distributions

The Kolmogorov-Smirnov test is a non-parametric test that is particularly useful for assess-
ing the suitability of different reliability distributions [17]. The test calculates the statistic
KS (D), which represents the greatest absolute difference between the cumulative distribution
functions Fn(xi) relative to the data series and the theoretical F(Ti) of each distribution tested.
This test is generally useful for the following reasons:

• It is a non-parametric test that initially makes no specific assumptions about the data dis-
tribution.

• It compares distributions against cumulative and theoretical divergences.

• It is a simple test to apply with statistical tools.

The following figure "Fig. 2” illustrates our methodology for using the test to evaluate
reliability distributions:

Figure 2. METHODOLOGY USED TO EVALUATE THE RELIABILITY DISTRIBUTION.

4.3 Evaluation Of The Theoretical Distributions Of The Data Series Studied By
The K-S Test

In our work, we began by estimating the parameters of various distributions (Weibull, Ex-
ponential, Normal, Log-Normal, and Gamma) to calculate the absolute differences between
each distribution and the cumulative distribution function (CDF) of the data. To do this, we
developed a MATLAB program that estimates the parameters of the distributions and plots

two curves: the first (Figure 3) represents the absolute differences from the critical value,
while the second (Figure 4) illustrates the comparison between the theoretical distributions
and the cumulative distribution of the data. The results obtained for estimating the parameters
of the various distributions are as follows:

• For the Weibull distribution, the estimated parameters are η = 2594.3 and β = 2.1717.

• For the Exponential distribution, the estimated parameter is λ = 4.3335 × 10−4.

• For the Log-Normal distribution, the mean and standard deviation are µ = 7.559 and σ =
0.7065, respectively.

• For the Normal distribution, the mean and standard deviation are µ = 2307.62 and σ =
1121.0984, respectively.

• Finally, for the Gamma distribution, the parameters are k = 2.8582 and θ = 807.3665.

These parameters enable us to model the data in question as closely as possible and to
make comparisons with the empirical cumulative distribution (CDF).

After estimating the parameters of the various distributions, we now need to apply the
Kolmogorov-Smirnov (K-S) test to calculate the absolute differences between the theoretical
Weibull distribution functions F(Ti) and the cumulative distribution function Fn(xi). Val-
idation of distribution tests according to Kolmogorov-Smirnov requires that the maximum
absolute difference between all distributions does not exceed the critical value, determined as
follows:

KS (D) < Dcritical

With:

KS (D) = max |Fn(Ti) − F(Ti)|,

Dcritical =
1.63
√

n
≈ 1.63
√

50
≈ 0.2305 for a significance level α = 0.01.

The graph below (Figure 3) has been plotted in MATLAB to show the differences be-
tween the cumulative distribution and the various distributions, considering the calculated
parameters.

4.4 Results Analysis

Analysis of the results presented in Figures 3 and 4 shows that all the distributions tested
are validated by the Kolmogorov-Smirnov test. Indeed, the points in "Fig. 3" representing
maximum absolute differences are all below the critical value. However, validating all dis-
tributions alone does not guarantee the accuracy required to select the best distribution. This
is why we propose a complementary approach to refine the choice of the most appropriate
distribution and ensure its reliability. This approach consists of migrating to the distribution
closest to the empirical distribution function of the data.

By analyzing Figure 4 in the light of the results obtained in Figure 3, which show the
maximum absolute differences between the empirical distribution function and the theoretical
distributions tested, it is possible to determine with greater precision the most appropriate
distribution for different ranges of MTBF values.

For the interval [232; 670], the Normal Distribution appears to be the most appropriate.
Then, for the interval [670; 1108], the Log-Normal Distribution shows a better fit. For values
between [1108; 1546], the Gamma Distribution is the most appropriate, while for the interval
[1546; 1911], the Weibull Distribution offers the best fit. From [1911; 3007], the Normal
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tributions alone does not guarantee the accuracy required to select the best distribution. This
is why we propose a complementary approach to refine the choice of the most appropriate
distribution and ensure its reliability. This approach consists of migrating to the distribution
closest to the empirical distribution function of the data.

By analyzing Figure 4 in the light of the results obtained in Figure 3, which show the
maximum absolute differences between the empirical distribution function and the theoretical
distributions tested, it is possible to determine with greater precision the most appropriate
distribution for different ranges of MTBF values.

For the interval [232; 670], the Normal Distribution appears to be the most appropriate.
Then, for the interval [670; 1108], the Log-Normal Distribution shows a better fit. For values
between [1108; 1546], the Gamma Distribution is the most appropriate, while for the interval
[1546; 1911], the Weibull Distribution offers the best fit. From [1911; 3007], the Normal
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Figure 3. ABSOLUTE DIFFERENCES BETWEEN EMPIRICAL CDF AND VARIOUS DISTRIBU-
TIONS

Figure 4. COMPARISON OF CUMULATIVE DISTRIBUTION FUNCTIONS (CDF)

Distribution again becomes the most relevant, followed by the Exponential Distribution for
the range [3007; 3292]. Between [3292; 3445], the Log-Normal Distribution again provides
the best fit, and finally, for the interval [3445; 4000], the Normal Distribution emerges as the
most appropriate.

In summary, we can propose two solutions. The first solution is based on the migration
from one distribution to another according to the intervals: let X be the random variable
associated with the MTBF values, then:

• For X ∈ [232, 670]: X ∼ N(µ1, σ1)

• If X ∈ [670, 1108]: X ∼ Log-Normal(µ2, σ2)

• If X ∈ [1108, 1546]: X ∼ Γ(k, θ)
• If X ∈ [1546, 1911]: X ∼Weibull(β, η)

• If X ∈ [1911, 3007]: X ∼ N(µ1, σ1)

• If X ∈ [3007, 3292]: X ∼ Exp(λ)

• If X ∈ [3292, 3445]: X ∼ Log-Normal(µ2, σ2)

• If X ∈ [3445, 4000]: X ∼ N(µ1, σ1)

This approach allows us to segment the data according to the optimal distributions for
each interval, thus ensuring better modeling of the data.

The second solution is to conclude that the Normal distribution is the most appropriate
overall. In fact, it significantly approximates the cumulative distribution function over a large
proportion of the intervals, making it the most suitable for modeling the data.

The following figure "Fig. 5" illustrates the results of the two proposed solutions. The
red curve represents the migration from one distribution to another, aimed at getting as close
as possible to the cumulative distribution function (CDF). The yellow curve corresponds to
the theoretical normal distribution.

Figure 5. REPRESENTATION OF PROPOSED SOLUTIONS FOR FITTING TO THE CUMULA-
TIVE DISTRIBUTION FUNCTION (CDF).

5 Conclusion and prospects

Validating the most appropriate distribution for the data under study offers several advantages
for reliability analysis and modeling of repairable components by choosing the right distri-
bution. Key elements to consider when validating the chosen distribution include improving
the accuracy of reliability laws, optimizing maintenance parameters, facilitating predictions,
and enhancing risk management.
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The use of the Kolmogorov-Smirnov (K-S) test allows us to represent the observed data
more accurately, leading to better prediction of future failures. This precision helps in cal-
culating failure rates and optimizing maintenance plans, ensuring more effective preventive
actions. Additionally, by simulating future scenarios, we can assess component performance
in different environments, making predictions easier and more reliable. Lastly, the validated
distribution allows for the identification of high-risk periods, contributing to a more effective
risk management strategy that minimizes potential failures and associated risks.

To enrich the conclusion, several perspectives can improve the accuracy of the choice of
statistical distributions for reliability analysis. In addition to the Kolmogorov-Smirnov test,
the use of complementary tests such as Anderson-Darling or Chi-square offers more robust
validation. Artificial intelligence and machine learning can refine distribution fitting by an-
alyzing large quantities of data to identify complex patterns. Bayesian approaches enable
dynamic modeling by integrating prior knowledge and updating estimates with new data.
The integration of Monte Carlo simulations improves the understanding of the impact of
distributions on component performance, optimizing maintenance strategies. Finally, inter-
disciplinary collaboration, involving experts in engineering, statistics, and computer science,
can offer innovative perspectives for the selection and validation of distributions. These com-
plementary approaches can lead to significant improvements in the accuracy and efficiency
of reliability models, ensuring more proactive risk management and optimization of mainte-
nance resources.
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