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Abstract This work fills an important gap in the con-
ventional stress-strength reliability analysis, which usually
considers precise parameter values and thus neglects the
existing uncertainty in practical engineering systems. To
remedy this deficiency, a hybrid fuzzy-neutrosophic Weibull
stress-strength reliability model is proposed, which considers
the interval-valued scale parameters to model the parameter
uncertainty and introduces a sensitivity parameter k for
graded safety analysis. Thus, the proposed model provides
interval-valued reliability estimates RN ∈ [RL, RU ] that
capture the uncertainty. With the help of jute fiber strength
information and Monte Carlo simulation, the findings reveal
that for strict safety requirements k = 0.001, the fuzzy
reliability is only 11.9%, whereas the classical value is
53.5%, and thus the classical approach may overestimate the
reliability by about 4.5 times. Additionally, neutrosophic
extension enables uncertainty-based reliability intervals,
e.g., [0.0925, 0.1486], when k = 0.001, and the width of
the interval (0.0561) quantifies the parameter uncertainty. 
Furthermore, a new three-tier decision strategy is proposed 
to interpret the interval estimates and provide accept, reject, 
and retest decisions. The main contributions of this work 
are the formulation of a new unified reliability m odel, which 
encompasses both fuzzy graded evaluation and neutrosophic 
parameter uncertainty, providing a more realistic and practical 
tool for engineers in safety-critical applications, e.g., medical 
devices and aerospace engineering. Furthermore, simulation 
results validate the statistical consistency and efficiency of 
the new reliability model, demonstrating a decrease in mean 
squared error (MSE) up to 95% as the sample size increases.

Keywords Weibull Distribution, Neutrosophic Statistics,
Fuzzy Reliability, Stress-Strength Reliability

1 Introduction
Reliability analysis is viewed as a major branch of engineer-

ing design and risk evaluation, particularly in areas such as
aerospace and medical equipment where safety is not allowed.
Therefore, engineers rely on stress-strength models.

The basic formula for reliability analysis is given by R =
P (X > Y ), where X is the strength of a part and Y is the
stress on the part. The formula appears to be simple; however,
when it is assumed that the values of X and Y are known, in
most cases this is not true.

The real world is full of unknowns such as environmental
changes, and our reliance is on fixed numbers, which can lead
to optimistic results being produced by our analysis.

Thus, the question is what is the alternative? In fact, many
advanced techniques are now being used to capture these un-
certainties; one of them for instance, is the fuzzy set theory
which was introduced in [1] which enables one to think in
terms of degrees, i.e., how much stronger is it? This environ-
ment provides us with a much more flexible and realistic way
to measure reliability rather than “strong enough” or not. In
fact, this technique is widely used today. For instance, it is
being used in intuitionistic fuzzy systems [2] to address uncer-
tainty and hesitation in decision-making. It is also being used
in Bayesian network-based fuzzy models [3] to predict failures
in systems where different components depend on each other.

Neutrosophic statistics were investigated in [4], and they
are more advanced than fuzzy logic and classical statistics.
Rather than using precise numbers, neutrosophic techniques
use ranges. This enables them to better address incomplete or
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unclear information compared to classical statistics. This tech-
nique has already been successfully applied to uncertain areas
such as structural optimization [5], aviation power system re-
liability [6], and green supplier selection [7]. [8] shows how
membership functions and α-cuts can be used to efficiently in-
clude uncertainty in fuzzy reliability estimation for the Benk-
tander distribution.

The Weibull distribution has been used extensively in relia-
bility research for many years due to its capability in modeling
different failure behaviors. Many researchers have conducted
and continue to reveal many applications of the Weibull dis-
tribution, such as the analysis of the strength of materials like
jute fibers [9] and special reliability models like the Benktander
distribution [10] and Kumaraswamy distribution [11, 12]. Has-
san and Alohali [13] estimated the stress–strength parameter,
when X and Y are independent exponential random variables,
and the data obtained from both distributions are progressively
type-II censored.

Bataihah and Odat [14] utilized an approach for approxi-
mating maximum likelihood estimators using fixed-point tech-
niques, which suggests several promising research directions
for nonlinear statistical estimation under uncertainty. In addi-
tion, the theoretical developments in distance mappings and
generalized metric structures reported in [15]–[18] provide
useful mathematical foundations for constructing reliability
models capable of handling fuzzy, neutrosophic, and interval-
valued data.

In this paper, we will use a combination of fuzzy logic and
neutrosophic statistics in a single hybrid model. Fuzzy logic
will enable us to assess safety in a gradual fashion rather than
just safe or unsafe. Neutrosophic statistics will aid in handling
uncertainty and unknown values in the data set. Reliability in
this model will be defined as a range with the following for-
mula: RN ∈ [RL, RU ]. To adjust the safety limits, a new
variable k will be incorporated into the model. This will allow
for a range of safety criteria to be applied, making the crite-
ria more or less flexible depending on the situation. To verify
our model, Monte Carlo simulations will be used with real-life
data for the strength of jute fibers [9, 13]. This will allow for
a comparison with fuzzy and classical reliability methods. A
new three-step decision process will also be proposed to aid in
making decisions based on the ranges calculated in our model.

2 Preliminaries: Foundational Theo-
ries

This section reviews the essential concepts of the Weibull
distribution, fuzzy set theory, and neutrosophic statistics that
form the bedrock of the proposed hybrid model.

2.1 The Weibull Distribution and Classical Reliability

The Weibull distribution is very versatile because it can
model any kind of failure rate variation: increasing, decreas-
ing, or constant. Therefore, this distribution is very useful in
reliability engineering and failure analysis. If the probability
density function (PDF) and cumulative distribution function

(CDF) of a random variable X are given by the following rela-
tions, then the random variable follows the Weibull distribution
with two parameters:

PDF:

f(x) =
β

α
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α
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where α > 0 is the scale parameter (characteristic life) and
β > 0 is the shape parameter.

In the classical stress-strength reliability model, the reliabil-
ity R is defined as the probability that a component’s strength
X exceeds the applied stress Y . Assuming X and Y are
independent random variables following Weibull(α1, β1) and
Weibull(α2, β2) respectively, the classical reliability is given
by:
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For the specific case where the shape parameters are equal
(β1 = β2 = β), this simplifies to a closed-form expression:

Rclassical =
αβ
1

αβ
1 + αβ

2

2.2 Fuzzy Set Theory

Classical sets have clear, crisp boundaries: an element ei-
ther belongs or does not belong to a set. This is extended by
[1] introduction of fuzzy set theory, which permits progressive
membership. A membership function µx̌ defines the graded
membership of elements in fuzzy sets, which are quantified by
values in the interval [0, 1]. This function transfers items to a
value in the interval [0, 1].

This idea can be applied to reliability in order to transcend
the binary success/failure paradigm. We can ask “By how
much did strength exceed stress?” rather than merely “Did
strength exceed stress?” A fuzzy dependability metric is thus
defined.

Let Ř be a fuzzy reliability set. The membership function
µŘ(x, y) quantifies the grade of satisfactory performance for a
given strength x and stress y. A common form for this function
when x > y is:

µŘ(x, y) =

{
1− e−k(x−y), if x > y

0, if x ≤ y
, k > 0

In this case, the constant sensitivity is represented by the
value k. A higher k indicates a more stringent criterion for
a “highly reliable” state, as the membership value rises more
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quickly when the margin (x−y) increases. The predicted value
of this membership function over the joint distribution of X
and Y is then used to determine the overall fuzzy reliability:

R = E (µx̌(x, y)) =

∫∫
µx̌(x, y)fX(x)fY (y) dx dy, x > y

2.3 Neutrosophic Statistics

Neutrosophic statistics, developed by Smarandache [4], is
intended to deal with indeterminacy in the data or parameters
themselves, whereas fuzzy logic deals with ambiguity in obser-
vations or definitions. It is an extension of intuitionistic fuzzy
statistics, fuzzy statistics, and classical statistics.

The fundamental concept is to portray unknown quantities
as intervals that include their potential range rather than as sin-
gle, precise values. A neutrosophic parameter, for example, is
represented as:

θN ∈ [θL, θU ]

The lower and upper boundaries are denoted by θL, θU re-
spectively. The domain where the parameter’s true value is
unknown but known to exist is represented by this interval.

A random variable with neutrosophic associated parameters
is called a neutrosophic random variable (XN ). In order to
produce neutrosophic estimators and confidence intervals, the
analysis then evaluates the system for every possible combi-
nation within these intervals. An example of a neutrosophic
reliability estimate might be:

RN ∈ [RL, RU ]

where the most conservative (pessimistic) reliability esti-
mate is denoted by RU . Based on the permutations of the un-
known parameter boundaries, RL is the most optimistic one.

In real-world engineering, where parameters are frequently
estimated from sparse or inaccurate data and a single, clear
number can be deceptive, this methodology is very effective.
This uncertainty is clearly acknowledged and quantified by
neutrosophic statistics, resulting in more reliable and insightful
decisions.

3 Proposed Hybrid Fuzzy-
Neutrosophic Model

3.1 Fuzzy Reliability Formulation

We present a fuzzy membership function µX̃(x, y) that mea-
sures the extent to which strength surpasses stress in order to
generalize the binary concept of reliability:

If X ∼ Weib(α1, β1) and Y ∼ Weib(α2, β2), where X and
Y are independent identically random variables. And if the
membership is

µx̌(x, y) =

{
1− e−k(x−y), if x > y

0, if x ≤ y

where k > 0 is a sensitivity parameter. This function pro-
vides a smooth, interpretable measure of safety margin.

The membership function defined in 3.1 provides a smooth,
graded, and interpretable measure of exceedance that is par-
ticularly well-suited for Weibull distributions due to its math-
ematical properties. It generalizes classical reliability by in-
corporating the degree of exceedance, making it valuable in
applications where the margin of safety matters.

The fuzzy reliability Ř is defined as the expected value of
the membership function over the joint distribution of X and
Y :

Ř = E (µx̌(x, y)) =

∫∫
µx̌(x, y)fX(x)fY (y) dx dy, x > y

We assume that β1 = β2 = β then
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Let’s call these I1 and I2

R = I1 − I2
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Which is the classical stress-strength reliability for Weibull
distributions, P (X > Y ).
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The integral is difficult. A closed-form solution generally
does not exist.

Then
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3.2 Neutrosophic Extension

In many practical situations, the parameters α1 and α2 are
not known precisely. Let:

α1 ∈ [α1L, α1U ], α2 ∈ [α2L, α2U ]

where L and U denote the lower and upper bounds. The
neutrosophic estimator for R is then the interval:

RN ∈ [RL, RU ]

where RL and RU are the minimum and maximum values
of Rfuzzy over the ranges of α1 and α2.

Given:

R =
αβ
2

(αβ
1 + αβ

2 )
· kα1

(1 + kα1)

We analyze how Rfuzzy behaves with respect to α1 and α2:
For fixed α2, Rfuzzy is decreasing in α1

dR

dα1
=

kαβ
2

[
αβ
2 + (1− β)αβ

1 − βkαβ+1
1

]
(αβ

1 + αβ
2 )

2(1 + kα1)2

This derivative tells us how fuzzy reliability changes with
respect to the scale parameter α1 of the strength distribution.

The sign of dR/dα1 is determined by the sign of the numer-
ator, since the denominator is always positive.

The numerator in R is kαβ
2

[
αβ
2 + (1− β)αβ

1 − βkαβ+1
1

]
,

• If αβ
2+(1−β)αβ

1−βkαβ+1
1 > 0, then reliability increases

with α1

• If negative, reliability decreases with α1

The term kα1

(1+kα1)
is increasing in α1 since it is the probabil-

ity P (Y < X) in classical sense. So, for fixed α2, R increases
with α2.

Therefore:

• The minimum value of R occurs when α1 is maximum
and α2 is minimum.

• And the maximum value of R occurs when α1 is mini-
mum and α2 is maximum.

So, define:

RL =
kα2L

(α1U + k)(α1U + α2L)

RU =
kα2U

(α1L + k)(α1L + α2U )

Thus, the neutrosophic estimator for R is the interval:

RN ∈
[

kα2L

(α1U + k)(α1U + α2L)
,

kα2U

(α1L + k)(α1L + α2U )

]
This interval captures the indeterminacy in α1 and α2, pro-

viding a range for the fuzzy reliability.

3.3 Suggestions for Choosing the Sensitivity Parameter
k

The Sensitivity Coefficient k in a reliability model deter-
mines safety in a fuzzy reliability model; it controls how ac-
curately the margin between strength and stress is estimated.
This section provides some data-based guidelines for choosing
k in practice.

3.3.1 k Interpretation in Engineering Terms

The parameter k controls the rate at which the fuzzy mem-
bership function approaches 1 as the safety margin (x − y)
increases.

• Small k (e.g., k = 0.001) → Requires a large safety
margin for high membership → suitable for safety-critical
systems (aerospace, medical implants).

• Large k (e.g., k = 1.0 or higher) → Accepts smaller mar-
gins → suitable for non-critical or standard industrial ap-
plications.

In essence, k can be linked to the inverse of an acceptable
safety factor.

3.3.2 Data-Driven Selection Method

To calculate the value of k, we will use a probabilistic
method with controlled data, and when failure data are con-
trolled, k can be calibrated by increasing the probability of ob-
served survival/failure events under a fuzzy reliability model.

Likelihood Function:

L(k) =
∏

i∈survived

Ři(k)
∏

i∈failed

[
1− Řj(k)

]
Where Ři(k) is the fuzzy reliability for component i given

k.
The optimal k is:

k∗ = argmax
k

lnL(k)

4 Simulation Study and Real Data
Analysis

4.1 Simulation Study

To evaluate the performance of the proposed estimators,
a Monte Carlo simulation was conducted using the Weibull
stress–strength model under various parameter settings and
sample sizes. Classical, fuzzy, and neutrosophic reliability esti-
mators were compared in terms of bias and mean squared error
(MSE).

Results in Tables 1 and 2 reveal consistent patterns across all
configurations:

Comprehensive Monte Carlo simulation results comparing
the performance of classical, fuzzy, and neutrosophic reliabil-
ity estimators under various sample sizes and Weibull param-
eter configurations are shown in Tables 1 and 2. The 10,000
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Table 1. Comparing Neutrosophic, Fuzzy, and Classical Reliability Estimators
for Weibull Stress-Strength Models. Upper part: (α1 = 3, α2 = 2, β = 2).
Lower part: (α1 = 1, α2 = 2, β = 1.5)

Sample Size Type k Mean SD Bias MSE
(30,30) Classical R - 0.2552 0.0588 -0.006 0.00349
(30,30) Fuzzy R 1 0.1016 0.0319 -0.0039 0.00103
(30,30) Fuzzy R 10 0.2251 0.0558 -0.0069 0.00316
(30,30) Fuzzy R 100 0.2522 0.0587 -0.0065 0.00348
(30,30) Neu R Lower - 0.2012 0.0517 -0.06 0.00627
(30,30) Neu R Upper - 0.3181 0.065 0.0569 0.00746
(50,50) Classical R - 0.2592 0.0433 -0.002 0.00188
(50,50) Fuzzy R 1 0.1037 0.0239 -0.0017 0.00057
(50,50) Fuzzy R 10 0.2291 0.0417 -0.0022 0.00174
(50,50) Fuzzy R 100 0.256 0.0437 -0.0019 0.00191
(50,50) Neu R Lower - 0.205 0.0384 -0.0562 0.00464
(50,50) Neu R Upper - 0.322 0.0474 0.0608 0.00594

(100,100) Classical R - 0.2612 0.0289 0 0.00083
(100,100) Fuzzy R 1 0.1052 0.0163 0.0001 0.00027
(100,100) Fuzzy R 10 0.2314 0.0279 0.0004 0.00078
(100,100) Fuzzy R 100 0.2582 0.0296 0.0007 0.00087
(100,100) Neu R Lower - 0.2071 0.0256 -0.0541 0.00358
(100,100) Neu R Upper - 0.3237 0.0318 0.0625 0.00492

Table 2. Comparing Neutrosophic, Fuzzy, and Classical Reliability Estimators
for Weibull Stress-Strength Models (α1 = 3, α2 = 2, β = 2)

Sample Size Type k Mean SD Bias MSE
(30,30) Classical R - 0.3023 0.0637 -0.0054 0.004079
(30,30) Fuzzy R 1 0.156 0.0425 -0.005 0.001831
(30,30) Fuzzy R 10 0.2796 0.0621 -0.0069 0.003902
(30,30) Fuzzy R 100 0.2999 0.0637 -0.0064 0.004089
(30,30) Neu R Lower - 0.2232 0.0548 -0.0845 0.010148
(30,30) Neu R Upper - 0.3953 0.0699 0.0876 0.012554
(50,50) Classical R - 0.3062 0.0465 -0.0015 0.002164
(50,50) Fuzzy R 1 0.1588 0.0317 -0.0019 0.001005
(50,50) Fuzzy R 10 0.2838 0.0462 -0.0018 0.002134
(50,50) Fuzzy R 100 0.3039 0.047 -0.0015 0.002213
(50,50) Neu R Lower - 0.227 0.0406 -0.0807 0.008156
(50,50) Neu R Upper - 0.3988 0.0506 0.0912 0.010868

(100,100) Classical R - 0.308 0.0311 0.0003 0.000969
(100,100) Fuzzy R 1 0.1606 0.0215 0.0002 0.000462
(100,100) Fuzzy R 10 0.286 0.0307 0.0009 0.000944
(100,100) Fuzzy R 100 0.306 0.0318 0.0012 0.001014
(100,100) Neu R Lower - 0.2291 0.027 -0.0786 0.006902
(100,100) Neu R Upper - 0.4 0.0341 0.0923 0.009686

repeats of the simulations show that classical reliability esti-
mators consistently perform well in all cases, with little bias
and quickly declining mean squared error (MSE) as sample
size increases from (30,30) to (500,500). For the parameter
set (α1 = 1, α2 = 2, β = 1.5) in Table 1, classical reliability
shows MSE reduction from 0.00349 to 0.00018, representing a
95% improvement in precision. Significant sensitivity to the k-
parameter is shown by the fuzzy reliability estimators; lower k-
values (k = 1) produce surprisingly lower MSE than classical
estimators, while k = 100 approaches classical performance.
Table 2, using parameters (α1 = 3, α2 = 2, β = 2), reveals
similar patterns with classical MSE decreasing from 0.00408
to 0.00021. As would be predicted given that they incorpo-
rate parameter uncertainty through interval-valued estimates,
the neutrosophic estimators consistently have the highest MSE
values (0.00627− 0.01255). Both tables show that all estima-
tors converge well as the sample size increases, with their stan-
dard deviations decreasing by about 40 − 60%. This confirms
the statistical consistency of the proposed fuzzy–neutrosophic
framework.

4.1.1 Sensitivity Analysis

The parameter k functions as a “safety strictness dial,” as
demonstrated by the sensitivity analysis (Table 3).

Table 3. Sensitivity to the parameter k

k Classical R FuzzyR Mean FuzzyR SD
0.001 0.606237 0.00083 8.1E-06
0.01 0.606237 0.008234 0.000125
0.1 0.606237 0.075101 0.000958
1 0.606237 0.372531 0.003193

The sensitivity analysis shows that results change depending
on the parameter k. The traditional model gives a fixed value
of 0.606, but the fuzzy model changes with k. When k is very
small (0.001), reliability is only 0.08%. If k increases, reliabil-
ity grows, reaching 37.25% at k = 1.0.

Think of k as a “strictness level”: lower values mean stricter
safety rules, higher values are more relaxed. Fuzzy reliability
is always lower than the traditional value, which shows that old
methods are more optimistic. The results are consistent, with
low variation across different k values.

From an engineering standpoint, this has a significant impact
on design choices. While non-critical components may toler-
ate higher k values provided appropriate performance is suffi-
cient, safety-critical applications, such as aerospace or medical
equipment, would necessitate low k values to ensure a large
safety margin.

4.2 Real Data

In this section, we present two real data examples to illus-
trate the proposed models for WE distribution.

4.2.1 Example 1

We used the data set originally introduced by [9] to illustrate
the mentioned models by fitting the WE distribution. The orig-
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inal data consists of the breaking strengths of jute fibers at four
different gauge lengths. We analyse the breaking strengths of
jute fibres with 10 mm and 20 mm considering X and Y , re-
spectively. Also, Hassan and Alohali [13] used the same pair
of the data set to estimate R for exponential distribution. The
data sets are given below:

(X): 693.73, 704.66, 323.83, 778.17, 123.06,

637.66, 383.43, 151.48, 108.94, 50.16, 671.49,

183.16, 257.44, 727.23, 291.27, 101.15,376.42,

163.40, 141.38, 700.74, 262.90, 353.24, 422.11,

43.93, 590.48, 212.13, 303.90, 506.60, 530.55,

177.25.

(Y): 71.46, 419.02, 284.64, 585.57, 456.60,

113.85, 187.85, 688.16, 662.66, 45.58, 578.62,

756.70, 594.29, 166.49, 99.72, 707.36, 765.14,

187.13, 145.96, 350.70, 547.44, 116.99, 375.81,

581.60, 119.86, 48.01, 200.16, 36.75, 244.53,

83.55.

Table 4. Descriptive Statistics and Weibull Parameter Estimates for Jute Fiber
Strength-Stress Data

Statistic Strength (X) Stress (Y )
Sample Size 30 30
Mean 371.63 337.64
S. D. 241.92 249.42
Minimum 43.93 36.75
Maximum 778.17 765.14
Range 734.24 728.39
C. V. 65.10% 73.90%
Shape (β) 1.68 1.52
Scale (α) 418.47 381.33

Table 5. Statistical Significance Tests

Test Type Statistic p-value
Two-sample t-test t = 0.403 p = 0.688
Mann-Whitney U test W = 494 p = 0.523
Kolmogorov-Smirnov test D = 0.167 p = 0.808

Table 6. Goodness-of-Fit Tests for Weibull Distribution

Dataset Test Statistic p-value Interpretation
Strength (X) Anderson-Darling A2 = 0.461 p = 0.785 Excellent fit
Strength (X) Chi-square χ2 = 3.426 p = 0.489 Excellent fit
Stress (Y ) Anderson-Darling A2 = 0.760 p = 0.510 Good fit
Stress (Y ) Chi-square χ2 = 3.166 p = 0.530 Good fit

The sensitivity analysis in Table 4 shows that fuzzy reliabil-
ity is significantly sensitive to the choice of the k parameter,
which acts as a “safety criticality dial.” At highly severe safety
margins (k = 0.001), reliability falls to only 11.9%, demon-
strating that few components achieve significant safety excess.
As k climbs to more lenient criteria (k = 10), fuzzy depend-
ability increases to 55.9%, approaching the traditional standard
while adding graded safety evaluation.

This is further verified through the goodness-of-fit test in Ta-
ble 6, which shows that the Weibull distribution is a good fit

for both strength and stress data with no statistically signifi-
cant difference. The fuzzy method gives a range for reliabil-
ity, from 11.92% to 55.86%, considering the magnitude of the
safety margin, making it suitable for sensitive areas, while the
normal dependability of 53.49% gives a probability of success
or failure in a binary fashion.

Table 4 helps in determining the appropriate k values based
on the part’s sensitivity or “importance.” If the part is not
so critical, meaning a small safety margin will suffice, then
a larger k values range, from 1.0 to 10.0, is appropriate. How-
ever, for a critical part, like in aircraft or medical equipment,
smaller k values from 0.001 to 0.01 are necessary to ensure
sufficient safety margins.

Table 7. Stress-Strength Reliability Analysis: Classical vs. Fuzzy vs. Neutro-
sophic Approaches

k Classical R Fuzzy R Neutrosophic Lower Neutrosophic Upper
0.001 0.5349 0.1188 0.0925 0.1486
0.01 0.5349 0.4115 0.342 0.4826
0.1 0.5349 0.5181 0.4441 0.5911
1 0.5349 0.525 0.451 0.5973

Table 7 puts three reliability methods side by side, each
shedding light on how safety can be interpreted differently.

The classical reliability model doesn’t change; it stays at
0.5349 no matter what k is. This comes from a simple pass-
or-fail rule: it just measures the chance that strength is higher
than stress. Fuzzy reliability, however, changes with k. When
k is very small (0.001), it is strict and gives 0.1188. When k
increases to 1.000, it rises to 0.5250. This shows that “reliable”
depends on how strict the rules are. Tight rules mean fewer sys-
tems are reliable; loose rules mean more are accepted. Using
the neutrosophic framework, reliability is given as a range, not
a single number. At k = 0.001, the range is [0.0925, 0.1486].
At k = 1.000, it widens to [0.4510, 0.5973]. Low k values
show that traditional methods can overstate reliability when
safety is critical. For less critical cases, all methods give simi-
lar results at higher k.

Table 8. Engineering Recommendations

Safety-critical
Recommended k 0.001− 0.01
Expected Reliability 11.9%− 42.6%
Rationale Requires substantial safety margins

Standard industrial
Recommended k 0.1− 1.0
Expected Reliability 53.6%− 54.3%
Rationale Balanced approach

Non-critical
Recommended k 1.0− 10.0
Expected Reliability 54.3%− 55.9%
Rationale Any positive margin acceptable

Classical approach
Recommended k N/A
Expected Reliability 53.50%
Rationale Binary success/failure only

The sensitivity parameter k serves as a crucial “safety strict-
ness dial,” as shown in Table 8. For safety-critical systems
(aerospace, medical), a low k (0.001 − 0.01) mandates wide
safety margins, producing a tighter and more accurate relia-
bility estimate (11.9% − 42.6%) than the optimistic classical
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model (53.5%); for non-critical parts, a high k (1.0− 10.0) is
lenient, considering any positive margin a success, thus align-
ing with the classical approach; for general industry, a medium
k (0.1− 1.0) balances margin and performance, producing re-
sults near the classical estimate.

4.2.2 Application of Decision Rules: A Case Study on the
Production of Jute Fiber

We demonstrate how the proposed hybrid fuzzy-
neutrosophic dependability model may be applied in practical
decision-making by applying a structured decision framework
to the jute fiber strength-stress data. This method allows
engineers to translate interval-valued reliability estimates into
useful decisions.

Decision Framework for Neutrosophic Reliability Intervals
Given the neutrosophic reliability estimate RN ∈ [RL, RU ],
we propose the following three-tier decision rule based on a
predefined reliability threshold Rthreshold, which represents the
minimum acceptable reliability for the application:

• Accept System if:

RL ≥ Rthreshold

• Reject System if:

RU ≤ Rthreshold

• Require Further Testing/Redesign if:

RL < Rthreshold < RU

Case Study: Jute Fiber for Safety-Critical vs. Non-
Critical Applications Consider two potential applications of
the tested jute fibers:

1. Safety-Critical Application

• Required reliability threshold: Rthreshold = 0.95

• Selected k: k = 0.001 (strict safety margin require-
ment)

• Neutrosophic reliability from Table 7:

RN ∈ [0.0925, 0.1486]

• Decision process:

RU = 0.1486 < 0.95 −→ reject system

2. Non-Critical Application

• Required reliability threshold: Rthreshold = 0.50

• Selected k: k = 1.0 (moderate safety margin re-
quirement)

• Neutrosophic reliability from Table 7:

RN ∈ [0.4510, 0.5973]

• Decision process:

RL = 0.4510 < 0.50

RU = 0.5973 > 0.50

• Condition 3 is satisfied: RL < Rthreshold < RU −→
require further testing

3. Alternative: Using Classical Reliability for Compari-
son

• Classical reliability: Rclassical = 0.5349

• Decision: Since 0.5349 > 0.50, the material would
be accepted

• Problem: This ignores both safety margins (fuzzy
aspect) and parameter uncertainty (neutrosophic as-
pect), potentially leading to overconfident accep-
tance.

Figure 1. From Change Styles to Styles Menu.

Figure 1 demonstrates the time-dependent reliability com-
parison between classical and fuzzy-neutrosophic approaches
for a specific k-value. The classical reliability shows the tradi-
tional Weibull reliability curve decreasing smoothly over time
due to component aging. Similar patterns may be seen in fuzzy
reliability, which is consistently lower because of its stricter as-
sessment that considers safety margin magnitudes in addition
to binary success. By providing an interval estimate that in-
creases over time, the neutrosophic approach captures param-
eter uncertainty and shows how indeterminacy grows as com-
ponents deteriorate and operational situations become less pre-
dictable.

Figure 2 illustrates how reliability estimates are sensitive to
the k parameter at a particular time point. The traditional bi-
nary method is represented by classical reliability, which re-
mains constant (∼ 0.61) for all k-values. Conversely, fuzzy
reliability acts as a “safety criticality dial” that starts very low
(∼ 0.001) for strict safety criteria (k = 0.001) and progres-
sively approaches classical reliability as k increases. The neu-
trosophic bounds, which quantify parameter uncertainty, show
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Figure 2. From Change Styles to Styles Menu.

wider intervals at low k-values, when safety standards are most
stringent.

Figure 3. From Change Styles to Styles Menu.

Figure 3 shows the time-dependent reliability comparison
between classical and fuzzy-neutrosophic methods. As com-
ponents age and failure risk increases, the Weibull reliability
curve, a measure of classical dependability, gradually declines
over time. The fuzzy reliability exhibits a similar declining pat-
tern, but it consistently stays below the classical curve due to its
stricter evaluation, which considers the size of safety margins
in addition to binary success/failure.

The interacting effects guiding the suggested fuzzy reliabil-
ity model are comprehensively depicted in Figure 4. The sur-
face plot shows how reliability depends on both the scale pa-
rameter of the strength distribution α1 and the safety-criticality
parameter k at the same time. The model’s sensitivity is clearly
demonstrated by the steep ascent along the k-axis for any fixed
α1, which presents k as a potent “safety dial.” Additionally, the
asymptotic behavior where fuzzy dependability approaches its

Figure 4. From Change Styles to Styles Menu.

classical counterpart is validated by the surface’s convergence
as k increases.

Figure 5. From Change Styles to Styles Menu.

Figure 5 provides a graphic representation of the primary ad-
vantage of the proposed neutrosophic framework, which is its
ability to quantify uncertainty through interval estimates. For
every value of the safety parameter k, the blue bars display the
range of possible reliability values (RN ∈ [RL, RU ]) resulting
from uncertain Weibull scale parameters. This contrasts with
the single-number estimates from the fuzzy midpoint (green
circles) or classical (red diamonds) models. The graph shows
that the classical value is inside the neutrosophic range, which
means the model makes sense. The effect of uncertainty be-
comes smaller as safety rules are relaxed, because all the esti-
mates come closer together at higher k values.
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5 Conclusions

This paper proposes a hybrid fuzzy-neutrosophic Weibull
stress-strength reliability model to overcome the major draw-
backs of the classical approach. The proposed model com-
bines fuzzy logic for graded safety assessment with neutro-
sophic statistics for parameter uncertainty. The model yields
interval-valued reliability measures RN ∈ [RL, RU ] instead of
point estimates.

The sensitivity parameter k serves as a “safety strictness
dial” that can be adjusted for specific applications. Case study
results on jute fibers show that classical models can overesti-
mate reliability by as much as 4.5 times for strict safety condi-
tions (k = 0.001), where fuzzy reliability is 11.9% compared
to 53.5% for the classical model. The neutrosophic interval
[0.0925, 0.1486] captures the uncertainty associated with pa-
rameter estimation.

A three-tier decision framework is proposed to make inter-
val estimates more operational in terms of acceptance, rejec-
tion, and retest. Simulation results verify the consistency of
the proposed method, and the MSE decreases with an increas-
ing sample size, up to 95%. The proposed framework can be a
more realistic tool for the assessment of the reliability of engi-
neering systems.

Future research directions include extending this hybrid ap-
proach to other probability distributions, considering other un-
certainty sources such as measurement uncertainties and envi-
ronmental variability, and creating user-friendly software im-
plementations for this approach to be easily adopted in indus-
trial engineering practice.
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