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ABSTRACT
Assessing reliability and sustainability is crucial for optimising maintenance strategies and operational efficiency in industrial
machinery. On this premise, this work models the failure rate and downtime distributions of a repairable machine (a spraying
machine) with decreasing failure rate to determine its failure and off-work patterns. The inter-failure times of the machine
were found to fit a Pareto distribution, while the downtime distribution was shown to fit a Dagum three-parameter
distribution. Furthermore, some operational performance metrics and sustainability index of the machine were obtained, such
as availability index (97.89%), maintainability index (2.11%) and durability index (91%). In addition, key reliability
measures such as mean time between failure (MTBF = 2211.2 hours) and mean time to repair (MTTR = 47.77 hours) were
also obtained to ascertain the operational state of the machine. The results showed that the machine maintains a high
availability factor and low maintainability factor, indicating high reliability and minimal downtime. Also, an economic
sustainability index (99%), environmental sustainability index (89.36%) and social sustainability index (63.41%) of the
machine were obtained, assuring a conducive and favourable future for machine operation. The sensitivity analysis reveals
the nature of relationships among key operational measures of the spraying machine: reliability, durability, annual
operational cost, and maintenance actions. Overall, these results point to a good and sustainable operational state of the

Spraying Machine, ensuring a balance of reliability, availability, durability and sustainability.

INTRODUCTION

Many techniques are used in reliability assessment such as
hazard analysis, failure rate, reliability testing, among
others, and are sometimes used along with other operating
measures such as maintainability, which is the probability
that a system will be restored to a specified condition within
a given period of time when maintenance is prescribed
according to set procedures and resources (Ebeling, 1997).
The maintainability requirements address the cost of repair
as well as repair time with the aid of maintainability indices
(Wiley,1995). However, reliability analysis must be based
on precisely defined concepts, and the failure phenomenon
can only be described in probabilistic terms, since the
population of supposedly identical systems, operating under
similar conditions, fail at different points in time (Koslov
and Ushakov, 1995). Hence, the fundamental definitions of
reliability must depend on concepts from probability theory
(Kececioglu,1991), a justification for the use of a
probabilistic modelling approach in this work.

A repairable system can be restored to satisfactory operation
by any action, including parts replacements, etc. Several
works abound the literature on the probabilistic modelling of
failure times of repairable and nonrepairable systems using
different probability distributions to aid the formulation of
maintenance policies (Singpurwella, 2006, Udoh, 2018,
Udoh, 2019, Udoh and Ekpenyong, 2019, Udoh et al 2021,
Udoh et al 2022a, Udoh et al 2022b, Udoh and Etim, 2024,
among others).

The inter-failure times of industrial machinery vary with the
type and use of such machinery and can be modelled using
an appropriate probability distribution function to aid
dynamic characterisation and parameter estimation of such
machinery for reliability assessment and improvement. One
of such probability functions is the Pareto distribution - a

powerful tool for modelling a variety of real-life phenomena.
It is a power-law probability distribution that, besides its
original use to model the distribution of wealth in society, it
equally has a profound ability to model the productivity of
systems (Haly, 2022). The Pareto distribution originated
from observations of wealth distribution in society in the late
19th century, that a small percentage of the population
owned a large portion of the wealth, leading to the
formulation of the Pareto principle, otherwise known as the
"80/20 rule”. This rule suggests that about 80% of effects
come from 20% of causes. Cohen et al. (2005) explored the
moments and tail behaviour of the distribution, among
several properties which have been studied. Numerous
empirical studies have validated the Pareto distribution's
effectiveness in modelling real-world phenomena. For
instance, Clauset et al. (2009) provided a methodology for
estimating the parameters of the Pareto distribution and
testing its goodness-of-fit across different datasets.

Similarly, the Dagum distribution was introduced in 1980 as
a model to describe income and wealth distributions. The
idea comes from the unequal distribution of wealth in
society, which is often characterised by a small number of
individuals holding a large proportion of total wealth. On
this premise, De Silva and Karamata (2003) demonstrated
that the Dagum distribution could fit income data more
effectively in certain contexts, offering a comprehensive
analysis of its comparative performance. In a later
development, De Silva and Khandakar (2010) examined the
moments of this distribution, offering insights into its
behaviour for varying parameter values, while Ghosh and
Basak (2009) had assessed its application in income
modelling.

One of the key performance indices of an industrial machine
is sustainability, which refers to its total performance and
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impact in relation to environmental, economic and social
dimensions over its lifecycle. It assesses how well the
machine balances these aspects to ensure optimal operation,
thereby minimising negative impacts and maximising
positive contributions, because so many machines constitute
a nuisance to the environment, while some are cost-
demanding to maintain with a high unsafety risk to users.
These possible setbacks are the reasons for every industry to
assess the sustainability level of their machines so as to
either repair or replace them for efficient operation to
enhance productivity. Works on the sustainability of
machines include Li et al. (2011) who considered the
sustainability of machine tools in terms of energy efficiency
level; Sihag and Sangwan (2019) proposed a sustainability
assessment index for machines and applied it to a vertical
cutting machine under various cutting conditions by
considering  environmental, economic and  social
sustainability indicators. The cutting parameters and coolant
conditions of the machines significantly influence the
sustainability of machine tools. In a similar perspective to
Silag and Sangwan (2019), this work seeks to obtain the
various point sustainability assessment indicators of a
service machine (spraying machine) but without
conditioning since it is not a production machine as in the
other cases.

Durability of a machine is the ability to withstand wear,
pressure, or damage over time and continues to operate
effectively. It's a measure of how long a machine can
perform before it requires significant maintenance or repairs.
Some factors influencing durability include the quality of
materials used, design and construction, operating
conditions, how well it’s maintained, among others.
Scientific literature on product durability is typically
categorized into two main approaches: Predicting Product
Lifespan - this is a traditional engineering approach which
focuses on assessing physical durability through methods
such as resistance to loads, failure models, and probabilistic
techniques. Notable approaches include direct testing,
standardized durability assessment methods, and technical
datasheets (Lounis et al., 1998; Takada et al., 1999; Ugwu
etal., 2005; 1SO, 2005; Veshagh and Li, 2006; Bravo and de
Brito, 2012 and Medina et al., 2013). Sustainability
assessment evaluates durability in terms of technical,
environmental, social, and economic factors. Its major
classifications are: Life Cycle Assessment (LCA) which
analyzes various scenarios of product durability by
considering the environmental impacts and costs throughout
the product’s life cycle (Dewulf and Duflou, 2004; Horie,
2004; Cooper, 2005; Ridenauer, et al., 2005; Agrawal et al.,
2012; De Saxce et al., 2012 and Tasaki et al., 2013).
Ecodesign is the second main approach which incorporates
durability into a wider analysis of environmental and cost
impacts, assessing the potential benefits and burdens of
extending product lifetimes (see, for example, Sundin and
Bras, 2005; Abeysundara et al., 2009; Brouillat, 2009; Ostlin
etal., 2009 and Downes et al., 2011). The third classification
is qualitative/quantitative analysis which examines the
relationship  between product durability and its
environmental impacts and is often supported by expert
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judgment and precedents (Kostecki, 1998; van Hemel and
Cramer, 2002; Hauschild et al., 2004; Rosenthal, 2004;
Lindahl et al., 2006; Monteiro de Barros and Dewberry,
2006 and Mora, 2007).

However, Cooper (2005) suggested that extending product
lifetimes may not always be environmentally beneficial if
based on flawed assumptions; hence, simplified models such
as the point reliability index, as proposed by Ardente and
Marthieux (2014) are adopted in this work to streamline
durability assessment to determine continued use of the
machine or its replacement.

In general, this work seeks to model the probability
distributions of both the inter-failure times and down times
of a spraying machine to obtain both its reliability and
maintainability indices. Other operational metrics —
sustainability and durability of the machine would be
obtained and used to ascertain the working state of the
machine for timely preventive maintenance/repair actions to
enhance productivity.

METHODS

Mathematical Notation and Definition

To support the analysis of reliability, sustainability and other
metrics used, a structured set of notations is adopted. These
notations form the mathematical foundation for the
probabilistic modelling and analysis of failure and waiting
times under the Pareto and Dagum distributions. Table 1
summarises the key parameters and their associated
meanings as used throughout this work.

Table 1. List of notations and their meanings
Parameter Meaning

Y; sustainability indicator

Y= normalised sustainability indicator

0; weight associated with the
sustainability indicator

Sl sustainability index

] work satisfaction

N Noise level

M The level of mishandling of the
machine by the operator

C, carbon emission

E; energy efficiency rating kw/h per
unit output

w waste generation measure in kg of
waste per annum

E, energy consumption

E, energy usage

Ay Capital expenditure of the spraying
machine

W daily operating cost in naira

T, Average daily spraying benefit

Ly level of spraying per unit time

D, durability index

Af availability factor

a The first shape parameter of the Dagum
distribution
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Parameter Meaning
p The second shape parameter of the Dagum
distribution
b scale parameter of the Dagum distribution
B scale parameter of the Pareto distribution
a shape parameter of the Pareto distribution
x inter failure time
t Downtime
Mg Maintainability factor
ik pairwise matrix for sustainability indicators
u(t) Repair rate function

M(t) Maintainability function

F(t) cumulative failure function

F(t) failure function

R(t) reliability function

g(t) Maintainability density function
h(t) hazard function

Selection of an appropriate failure distribution
function

The selection of the most appropriate parametric model for
failure distribution can be achieved by any of these factors
or their combination: empirical success of the statistical
goodness-of-fit  tests, expert knowledge, and an
understanding of the failure mechanism of the equipment. A
combination of expert knowledge and empirical success
using the goodness-of-fit test will be adopted in this work to
select the best-fit probability model for the sample data.

Failure Distribution of Spraying Machine

The inter-failure times of the spraying machine were
modelled as a Pareto distribution of the first kind, having a
Kolmogorov goodness-of-fit test of rank one among other
distributions using the Easyfit 5.6 software, as shown in
Table 2. It is noted that the best-fit model is one with the
highest rank.

Table 2: Extract of Goodness-of-fit test of Probability
Distributions

Kolmogorov Smirnov

Distribution Statistic Rank
Pareto 0.1755 1
Pareto 2 0.17725 2
Pearson 6 0.18546 3
Pearson 5 (3P) 0.20217 4
Burr 0.21015 5
Log-Logistic (3P) 0.21141 6

The Pareto Density Function of the first kind

Pareto distribution of the first kind has the probability

density function given as:
ap®

f(x; .81 a) = Wy

(1)

Where a > 0 is the continuous shape parameter which

determines the shape of the distribution and g > 0 is the

continuous scale parameter which represents the minimum

possible value of the distribution. It helps to determine the

spread of the distribution while x is the random variable

representing a certain time of failure.

x =P, B>0,a>0
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Estimating the parameters of the Pareto distribution by
the method of maximum likelihood

The likelihood function of the Pareto distribution of the first
kind is obtained as follows:

f(x; B, a) :—;f+1;x2[3,ﬁ>0’ >0 @
Ll =it = @A) T 5 @
Taking the log-likelihood,
InL (al)(n) = L(a)

= nlna

+nalnf — (¢ +1) ln(l_[xl)
1=1

Hence,

L n .
—=—+nlnf - 1n(1:1[x,) =0

n
n
L Zlnxl =0

n a =1
& T m@)-nin(B) “)
It is noted that the maximum likelihood estimate cannot be
obtained for B by differentiating £ because £ is unbounded
with respect to . However, since 8 is the lower bound of
the random variable X, we can maximise L subject to the
constraint;
B < minX;. (®)

L
Clearly, £ is maximised with respect to 8 subject to (5) when
(6) holds;
f=min X;, (6)
14

Equation (6) is the maximum likelihood estimate of £.

The Mean and Variance of the Pareto
Distribution of the First Kind

Ef (X)da = i = ap® [ X~ dx = ap* ] % =
f x=p = ap B x=af —a+11 B8~
;—i fora =0 @)
o ® g1 _ X“”Zoo_a_[iz
E(X?) = ap“ [ X~ Ldx = aft o= (@
B
V) = ooy )

Equations (7) and (8) are the mean and variance of the
distribution.

The Cumulative Distribution Function of the
Pareto Distribution of the first kind
Given the probability density function of the Pareto
distribution of the first kind in (1), the cumulative
distribution function F(X), is given in (10);

FOO = ap* [ —md@) =1-[¢] (10)

Reliability Function of the Pareto Distribution
of the First Kind

The Reliability or survival function R(X) is given in (11) as;
R(X)=1-F(x)=1- [1 _ (g) ] _ [%] 1)
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The Failure Rate of the Pareto Distribution of
the First Kind

The hazard function or failure rate is the natural indicator of
the “proneness to failure” of a unit after time X has elapsed,
and is mathematically expressed as;

) = f) _ (;‘XL"‘:) — [%] (12)

W (f)

The Reliability Indices

Mean Time Between Failure (MTBF)

Mean time between failures (MTBF) is a prediction of the
time between the innate failures of a piece of machinery
during normal operating hours. In other words, MTBF is a
maintenance metric, represented in hours, showing how long
a piece of equipment operates without interruption.
However, MTBF is only used for repairable items as a tool
to help plan for the inevitability of key equipment repair. It
is a basic measure of the system's reliability. It follows that
the higher the MTBF, the higher the reliability of a product

(Udoh and Etim, 2024). It is given as;
MTBF — _Lotaloperational time

(13)

Total number of repairs

Mean Time to Repair (MTTR)

MTTR refers to the average time it takes to repair a failed
system. It is a critical metric for product reliability
management and understanding. According to Udoh and
Etim (2024), a high value of MTTR implies a high level of
productivity and profitability by reducing downtime and
increasing reliability. It also provides a quantitative measure
of product reliability and is used to estimate the lifespan of
repairable systems. It is given as:

Total maintenance time

MTTR = (14)

Total number of repairs
Availability Factor
Equipment availability is the ratio of available time
(operating and standby time) to the calendar period. It
characterises the reliability of industrial machinery. It is
mathematically expressed as;

MTBF

= %100
MTTR+MTBF

(15)
Maintainability

Maintainability is one of the most important measures used
in a reliability study. It helps to predict how fast a system can
be restored to its functionality once the system is down. To
understand the efficiency of the system’s maintenance, it is
necessary to quantify the maintainability measures of the
system, which are defined by considering the repair times as
random variables.

Maintainability Density Function

Maintainability density function is the probability density
function of the repair time and is defined as the probability
that the repair will take place in a small interval of time. dt
where the limit, dt tends to zero. It is given by;
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_ a1 i P<T<t=dt)
g@®) =PIl =t] = lim ——— (16)

The maintainability density function for the spraying
machine is identified as the Dagum probability function
having rank 1 using the Kolmogorov goodness-of-fit test
with the aid of Easyfit (5.6) software, following the same
process of selecting the failure density function.

The Dagum Density Function

Let a random variable, T follow a four-parameter
generalised beta distribution of the second kind (GB2) with
density;

© ar’
g t) = s )
b’ B(p, q) [1 + (E)a]p !
’ b

The Dagum distribution is a GB2 with g = 1. Therefore, its
density is given as;

abpqt>0

at®-1
g(t) = e @bpt>0
baPB(p, 1) [1 + (E) ]
but
1
B(p,q) =f P71 — )97 tdt
0
and
1 1
B(p,1) = j tPldt = —
0 14
Thus,
ap-1 © ap-1
g(t) = 1at Pl = ap(bt)a 75T, L[> 0
”“”(5)[“(;) ] b[“(z) ]

17)
Where a > 0 and p > 0 are the shape parameters, while b >
0 is the scale parameter of the Dagum distribution in (17).

Maintainability Distribution Function:
This is defined as the probability that a repair process starts
attime, t = 0 and ends at a time, t. It is given by;

M(t) = P[T < t] = [, g(x)dx (18)
where T is the random variable representing repair times, t is

the time to repair and g(t) is the maintainability density
function:

)"

LT
LT

t
j
0
b

a 1
Letu = (g) so that x = bu'/* and dx = ;ua_ldu
Therefore,

t up—l up
MO =p [ = p[ ]
© pjo M+ up ™ P +wp
By simplification,
2 Gavap) = arap
du \p(1+w)P/ ~ (1+u)p+1

5"
p+1

t

0

Hence,
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M@ =p t> (19)

b

(%)ap ltz E_a p
s RN

Repair Rate Function

The repair rate is the probability that the repair will be
completed in a minimal interval of time, dt given that the
repair has not been completed on time, t. It is generally
expressed as;

9@
Therefore, from equations (17) and (19), we have that;
t ap-1
w(f)”
ayp+
b [1 +(}) ]
u(t) = =

1- ((%)a + 1)
_ aw(@)™

RECTRECEN

Maintainability Indices

Maintainability Factor

Maintainability can also be defined as a measure of the
ability of an item to be retained in or restored to a specified
condition when maintenance is performed by personnel
having specified skill levels using prescribed procedures and
resources at each prescribed level of maintenance and repair.
Maintainability Factor is mathematically given by;

MTTR
= — % 100
MTBF+MTTR

(20)

(21)

The variance time to repair (VTTR)
The variance time to repair is defined as;
i 2

VTTR = 3}, S0

n-1

(22)

The standard deviation time to repair (SDTTR)
The standard deviation time to repair is defined as;
SDTTR =+VTTR (23)
The median time to repair (MeTTR)

The median time to repair is also defined as;

MeTTR

tn+1
2

if nisodd

_ 13+ )
2

if nis even 29

0 otherwise

Sustainability index (SI)
According to Sihag and Sangwan (2019), the sustainability
assessment index is given by;
SI =37, 6;Y

. _ Yj—min(Y]-)
Where Y= max(Y;)-min(Y )

(25)
(26)

Equation (26) provides the normalised values of Y;. Where
Y are the weights associated with each sustainability
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indicator, which are obtained using the Analytical
Hierarchical Process (AHP). AHP is a structured technique
used in decision-making and prioritisation. It helps decision-
makers evaluate and prioritise a set of alternatives based on
multiple criteria. It is mainly applied in fields like business,
engineering and management for complex decisions where
multiple factors must be considered.

Steps to obtain AHP

Stepl: Obtain the Pairwise Comparisons matrix of each
indicator

Step 2: normalise the pairwise matrix

Step 3: Obtain eigenvalues (weights) to help determine the
level of importance of each criterion

Step 4: Check consistency and ensure the comparisons are
consistent.

Step 5: rank indicators to determine the best among them

In this work, the pairwise matrix is obtained as follows: let
a;;, be the pairwise matrix, where;
k

h ok h
” " "
Y;: N RES 2 k
A, = ‘L =4ql.. (27)
o lnoow oW
Y v, Yr

y; and y, are the non-normalised sub-indicators represented
in the row and column of the matrix, respectively, for each
sustainability indicator and by normalising a;, We obtain the
normalised matrix for the pairwise matrix. The software R
would be used for ease of computation.

Durability factor

According to the life cycle assessment report for the
durability of products (Ardente and Mathieux, 2014), the
durability index is given as;

DI =

expected lifetime of product x survival level

maintenance frequency of the product x daily operational cost
In reliability, this index can be redefined as;

D, =

(expected life span of the machine (XT)) (reliability of the machine(p)

number of breakdowns (by) operational cost(w)

(28)

Sensitivity analysis: This analysis seeks to identify the
nature of relationship between durability, reliability and
operational cost of the spraying machine. That is, how
variation in reliability and operational cost affects the
durability of the machine.

RESULTS

Goodness-of-Fit Test

The failure times and repair times were evaluated using the

Kolmogorov-Smirnov goodness-of-fit test, facilitated by

Easyfit software. The analysis determined the best-fit

distribution functions with the highest rankings as follows:

(@)The failure rates of the spraying machine were
determined to follow the Pareto Distribution of the First
Kind with a scale parameter £ = 792 and shape
parameter & = 1.1357.
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(b) The repair rates of the spraying machine were determined
to follow the Dagum distribution with shape parameters
p = 12499 and a = 1.424 and scale parameter b =
17.823.

Reliability Indices: Mean Time Between Failure:
The MTBF = 2211.2 was obtained using equation (13).

Mean Time to Repair (MTTR)
The MTTR = 47.7667 was obtained using equation (14).

Availability Factor

The Auvailability factor, A, = 97.89% was obtained using
equation (15).

Maintainability Indices: Maintainability Factor

The Maintainability factor, My = 2.11% was obtained using
equation (21).

The variance tme to repair (VTTR)

The VTTR = 2666.5305 was obtained using equation (22).

The standard deviation time to repair (SDTTR)
The SDTTR = 51.6385 was obtained using equation (23).
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The median time to repair (MeTTR)
The MeTTR = 20.5 was obtained using equation (24) for
n = 30.

Sustainability Factors
Data in appendix 1 was used to obtained the following
sustainability metrics

Economic indicator: The sustainability economic factor is
obtained as follows;

1 400 333.33 40000
P 0.0025 1 0.833 1000
ikEc 0.003 1.2 1 1200
0.0000025 0.001 0.000833 1
0.9945 0.9945 0.9945 0.9945
Ape= 0.002486 0.002486 0.002486 0.002486
¢ 0.002984 0.002984 0.002984 0.002984

0.000002486 0.000002486 0.000002486 0.000002486

Additionally, the AHP weights for sub economic indicators
and sustainability for economic indicator, where Ag, is the
normalized matrix of a;g. IS given in Table 3.

Table 3: AHP weights for sub economic indicators and sustainability for economic indicator

N Sub indicators 0ikc Yike Product RI Cl CR
1 A, 0.9945 1 0.99 0.90 -1 <0.1
2 R 0.002486 0.002498  0.00404

3 T, 0.002983 0.002997  0.000009

4 L 0.000002486 0 0

Economical 0.99

sustainability

Environmental indicator: The sustainability environmental factor is obtained as follows;

1 0.1747 0.0159 2.4462 1.5289

@ = | 57231 1 0.0909 14 8.7500
tkEv = 162.9548 11 1 154 96.25
0.6541 0.1143 0.0104 1.600 1

0.0141 0.0141 0.0141 0.0141 0.0141

A. = | 00809 0.0809 0.0809 0.0809  0.0809

Ev—10.8899 0.8899 0.8899 0.8899 0.8899

0.00925 0.00925 0.00925 0.00925 0.00925

Also, the AHP weights for sub-environmental indicators and sustainability for environmental indicator is given in Table 4.

Table 4: AHP weights for sub-environmental indicators and sustainability for environmental indicators

N Sub indicators Oy Yiey Product RI Cl CR
1 C, 0.0141 0.00945 0.0006 112 -1 <01
2 E; 0.0809 0.08496 0.004

3 w 0.8899 1 0.8899

4 E, 0.00578 0 0

5 E, 0.00824 0.00392 0.000036

Environmental 0.8936

sustainability

Social indicator: The sustainability social factor is obtained as follows;

1 0.8636 2.2353 1.7674

1.1579 1 2.5882 2.0465
0.4474 0.3863 1 0.7907

0.5658 0.4886 1.2647 1

Aigs =
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0.3153 0.3153 0.3153 0.3153
Aee 0.3651 0.3651 0.3651 0.3651
57 10.1411 0.1411 0.1411 0.1411
0.1784 0.1784 0.1784 0.1784
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The AHP weights for sub-sub-social indicators and the sustainability for social indicators are given in Table 5.

Table 5: AHP weights for sub social indicators and sustainability for social indicator

N Sub indicators 0; Yis product RI Cl CR
1 J 0.3153 0.7778 0.24 090 -1 <01
2 H 0.3651 1 0.3651

3 N 0.1411 0 0

4 M 0.1784 0.1667 0.029

Social 0.6341

sustainability

The overall average sustainability index = 83.92% consisting of the economic, environmental and social sustainability, is

provided in Table 6.

Table 6: Overall sustainability

Economic Environmental Social "Overall
sustainability  sustainability Sustainability sustainability
0.99 (99%) 0.8936 (89.36%) 0.6341 (63.41%) 0.8392 (83.92%)

“The overall sustainability is the average of the Economic, environmental and social sustainability

Durability index for Spraying Machine
The durability of the spraying machine calculated from (28)
equals 0.910.

DISCUSSION

Probability Functions of the Spraying Machine

(a) Reliability function: The reliability of the spraying
machine (Figure 1) decreases with time, it drops by about
14% within the first 900 hours (about 38 working days).
This corresponds to the early stage or infant mortality period
of the bathtub curve of the machine, but afterwards
maintains a near constant level for the next 4,300 hours
corresponding to the useful life of the machine. This was
followed by the wear-out period of the machine with slight
decrease. These provide clues for necessary preventive
maintenance actions.

0.002
0.0015
§ 0.001

0.0005

0

0 2000 4000 6000

Figure 1: Reliability function vs time (hours) showing a
sharp decline in early stage.
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o
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Figure 2: Hazard function vs time (hours) showing deceasing
failure rate.

(b) The Hazard Function or Failure Rate: The graph
of the hazard function is provided in Figure 2. It shows that
the hazard rate of the spraying machine is a decreasing
failure rate (DFR), with a gentle slope within the first 5,600
hours (about 217 working days), followed by a period of no
noticeable increase (constant hazard rate) and the period of
gradual decrease. This shows that the ‘proneness to failure’
level of the spraying machine is very low.
1

0.8

0.6

Fx)

0.4
0.2
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X

Figure 3: Cumulative distribution function vs time (hrs)
showing a sharp increase in early stage
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Figure 4: Failure Density function vs time (hrs) showing a
gradual increase in early stage.

(c)The Cumulative Failure Distribution Function: The
distribution function of the spraying machine in Figure 3
showing the cumulative failure has a sharp increase in the
first 1,000 hours, then it slowly increases in the next 3,400
hours as earlier depicted by the hazard function.

(d)The Failure Density Function: With reference to
Figure 4, the likelihood of occurrence of failure in the
spraying machine slowly decreases in the first 2,400
hours. Afterwards, it maintains an almost stable
decrease, showing a gradual decreasing chance of fault
occurrence within the first 100 days.
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Figure 5: Maintainability density function vs showing
increase in early stage
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Figure 6: Maintainability distribution function vs

time (hrs) time (hrs) showing sharp increase in
early stage

Maintainability Functions of the
Machine

Spraying

(a) Maintainability density function: The probability of
the length of repairs or maintenance of the spraying machine
in Figure 5 increases for the first 9 hours which corresponds
to the early stage of the bathtub curve of the machine.
Afterwards, it starts decreasing in a stable rate, showing an
almost uninterrupted useful life.

(b)Maintainability Distribution Function: This
shows a sharp increase (accumulation) up to the
first 50 hours in Figure 6, followed by a mild build
up to 100 hours.
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Figure 7: Repair Rate Function vs time (hrs) showing
increasing repair rate in early stage.

Repair Rate Function

Figure 7 shows that the spraying machine has an increasing
repair rate for the first 14 hours, followed by a slow decrease
in the repair rate of the Spraying Machine. This points to a
dire need for maintenance in the early stage of the machine
as indicated by both the reliability and density functions.

The reliability and Maintainability indices

The mean time between failure of the Spraying Machine,
MTBF = 2211.2 implies that the Spraying Machine will be
operational for 2211.2 hours, approximately 221 working
days of 10 working hours per day before failure occurs. Also,
the mean time to repair MTTR = 47.7667 hours implies that
the machine is restored to normal working condition within
five (5) days on average after failure. Also, the availability
factor, Ay = 97.89% implies that the Spraying Machine is
working for 97.89% of the time, while the maintainability
factor, My = 2.11% implies that 2.11% out of 100% time
of the machine is used for repair and other maintenance
actions. In addition, the variance time to repair, VITTR =
2666.5303 hours show the wide dispersion in the
maintenance time which is good for a working machine
while the median time to repair MeTTR = 20.5 hours show
the mid period for repair maintenance of the machine.

Sustainability of Spraying Machine

The sustainability analysis of the machine provides a

comprehensive perspective of three key indicators:

economic, environmental, and social factors. Here’s a

detailed discussion based on the results obtained in Tables

3-5:

1. Economic Sustainability (99%): The machine
demonstrates exceptional economic sustainability with a
rating of 99%. This high score indicates that the machine
performs efficiently within the given capital expenditure,
annual operating costs, and other specified benefits per
year. It suggests that the machine is likely to deliver high
value and operational efficiency relative to its cost,
making it a cost-effective choice for its intended usage.
The minimal economic risk associated with the machine
highlights its viability for long-term investment and
operational stability.

2. Environmental Sustainability (89.36%): With an
environmental sustainability score of 89.36%, the
machine performs well within the constraints of carbon
emission levels, energy efficiency, waste generation, and
overall energy consumption. This result signifies that the
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machine operates in a way that minimises its
environmental impact, adhering to acceptable standards
for ecological safety and resource efficiency. The
machine’s environmental performance ensures that it can
be used without causing significant harm to the
environment, aligning with contemporary sustainability
practice and regulations.

3. Social Sustainability (63.41%): The social sustainability
index stands at 63.41%, which, although the lowest
among the three indicators, remains within an acceptable
range. This score reflects that the machine operates with
minimal social impact, such as minimum noise pollution
and safe operation by technical personnel. While the
social factor shows room for improvement, the current
level indicates that the machine is designed to ensure user
safety and comfort, without causing disturbances to the
surrounding community.

4. Overall Sustainability (83.92%): The combined average
sustainability score of 83.92% indicates that the machine
achieves a high level of overall sustainability score. This
composite score suggests that the machine is well-
balanced in terms of economic, environmental, and
social factors, making it a robust and acceptable choice
from a holistic sustainability perspective.

Durability of the Spraying Machine

The analysis indicates that the spraying machine is projected
to retain a durability index of 91% despite various adverse
factors that may have affected the machine. This high
durability rating suggests robustness and resilience under a
range of challenging conditions, such as the impact of
mishandling by operators, varying weather conditions, poor
maintenance and use of low-quality paint, among others. In
essence, it underscores the machine’s design excellence,
ensuring reliable performance and extended service lifespan
even under challenging conditions.

Sensitivity analysis for the durability of the Spraying

Machine

Figures 8 to 10 and Table 7 illustrate distinct relationships

between the spraying machine’s

reliability, durability, annual operational cost, and the

number of maintenance actions.

1. Reliability and Durability: There is a positive correlation
between reliability and durability. As reliability
increases, so does the durability of the machine (Fig. 8).
This suggests that reliable machines tend to be more
durable, likely due to their superior quality, design, or
performance consistency. In practical terms, investing in
a reliable spraying machine could enhance its longevity
and overall performance, supporting the idea that high
reliability contributes to sustained durability.

2. Annual Operational Cost and Durability: The
relationship between annual operational cost and
durability is inversely proportional as shown in Fig. 9. It
shows that higher annual operational costs are associated
with reduced durability. This implies that machines with
higher operational expenses, possibly due to more
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frequent repairs or high running costs, tend to have low
durability. This inverse relationship suggests that as the
cost to operate and maintain the machine increases, its
ability to perform effectively over time diminishes,
potentially due to wear and tear or inefficiencies that
impact long-term performance.

3. Number of Maintenance Actions and Durability:
Similarly, the number of maintenance actions required
also inversely affects durability as shown in Fig. 10. This
means that as the frequency of maintenance actions
increases, the machine’s durability decreases. This
inverse relationship indicates that machines requiring
more frequent maintenance may be less durable, possibly
due to more frequent breakdowns or repairs that
undermine their long-term reliability. Frequent
maintenance might be indicative of underlying issues
that affect the machine’s ability to perform over time.

Durability vs Reliability with Linear Trend Line

1.00

Durability

o
N

0.00 0.25 0.75 1.00

Re?laifllrty
Figure 8: Graph of Durability vs Reliability showing linear
trend.

Durability vs Annual Cost of Repair with Smooth Curve

Durability

o
o

-0.4

600 700 900 1000

800
Annual Cost of Repair

Figure 9: Graph of Durability vs Annual Cost of Repair
showing inverse relationship.

Durability vs Number of Maintenance with Smooth Curve

Durability

30 40 50 60
Number of Maintenance

Figure 10: Graph of Durability vs Number of Maintenance
showing inverse relationship.

World Journal of Applied Science and Technology, Vol. 17 No. (1) (2025) 71- 82 79


https://dx.doi.org/10.4314/wojast.v17i1.71

Open Access article published under the terms of a
Creative Commons license (CC BY).
http://wojast.org

Udoh et al: A Probabilistic Modelling of Failure and Downtime
Distributions and Analysis of Operational Performance Metrics
and the Sustainability of the Spraying Machine
https://dx.doi.org/10.4314/wojast.v17i1.71

Table 7: Sensitivity analysis indices for the durability of the spraying machine

Durability (in annual cost Durability
relation to of repair (annual cost number of Durability (No. of
Reliability (p) reliability) D, (w) associated) D, maintenance maintenance action
100% 100% (Naira) (Naira) actions (b,) associated) D,
1 0.99480069 580 0.989655 28 1.060345
0.9 0.89532062 590 0.875593 30 0.875593
0.8 0.79584055 592 0.775676 32 0.727196
0.7 0.69636049 593 0.677572 35 0.580776
0.6 0.59688042 597 0.576884 37 0.467744
0.5 0.49740035 689 0.416546 38 0.328852
0.4 0.39792028 691 0.332272 40 0.249204
0.3 0.29844021 771 0.223346 42 0.159533
0.2 0.19896014 722 0.159003 44 0.108411
0.1 0.09948007 788 0.072843 50 0.043706
0.001 0.0009948 1000 0.000574 62 0.000278
CONCLUSION b,=number of maintenance 30
The analysis of the Spraying Machine reveals a balanced and carried out
highly efficient operational profile with respect to the J=work satisfaction level 0.76
adopted metrics. The values of MTBF and MTTR suggest N=Noise level 0.34
that the machine exhibits a good reliability and L= The level of mishandling of  0.43
maintainability level. Also, the availability index indicates the machine by the operator
that the machine is operational in the vast majority of time, C,= carbon emission 1.2231

while the low maintainability index (2.11%) reflects
minimal downtime due to repairs. The variance of repair
time suggests a flexible maintenance capability,
complemented by a median repair time that offers insights
into typical performance range.

The Spraying Machine with average overall sustainability
score of 83.92% demonstrates a strong commitment to
sustainability, though not without areas of improvement.
This score reflects its effective integration of economic,
environmental, and social practices. Furthermore, the
machine's high durability rating (91%) underscores its
ability to endure adverse operating conditions, affirming the
excellence of its design. It also reflects the cost-effectiveness
of the machine for long-term use with little or no unplanned
failures. The sensitivity analysis reveals that there is a
positive correlation between reliability and durability and
inverse relationships between annual operational cost and
durability, and number of maintenance actions and
durability. These insights underscore the importance of
reliability and cost efficiency in enhancing the durability of
the machine. Generally, the machine's overall performance
reinforces its suitability for its intended utilization,
effectively balancing operational efficiency with responsible
resource management thereby contributing positively to
sustainable development.

Appendix 1: Parameter values for the spraying machine

Parameter Value
Xr=expected life of machine 17220hours
p= initial reliability of the 0.9

machine

E;= energy efficiency rating
kw/h per unit output

W= waste generation measure in
kg of waste per annum

E_.= energy consumption

E, = energy usage

Ap= capital expenditure of

7kw/h per unit time

77kg of waste per
year

0.5kw per unit time
0.8kw

Capital expenditure

spraying machine

w = operating cost per day 577naira
T,= daily spraying benefit 600 naira
Lg=speed of spraying per unit 0.5m/s

time

Appendix 2: R programming code for computing weights
of indicators using AHP

Method

The following R program uses pseudocode for computing
weights of indicators using the AHP method, where Y; are
sustainability indicators for j=1,2,...,k.

# Define the original indicators

original_values <- c(y1, y2, y3, y4,...,yk)

# Construct the pairwise comparison matrix based on
original values

n <- length(original_values)

pairwise_matrix <- matrix(0, n, n)

# Fill the pairwise comparison matrix

for (i in 1:n) {for (j in 1:n) {pairwise_matrix[i, j] <-
original_values[i] / original_values[j] } }

# Normalize the pairwise comparison matrix
column_sums <- colSums(pairwise_matrix)
normalized_matrix ~ <-  sweep(pairwise_matrix, 2,
column_sums, "/")
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# Compute the eigenvalue and eigenvector
eigen_result <- eigen(normalized_matrix)
principal_eigenvalue <- eigen_result$values[1]
principal_eigenvector <- eigen_result$vectors[,1]
weights <- principal_eigenvector /
sum(principal_eigenvector)

# Calculate Consistency Index (ClI)

Cl <- (principal_eigenvalue - n) / (n - 1)

# Random Consistency Index (RI) forn =n

RI <- 0.90 # Use appropriate RI value for matrix size
# Calculate Consistency Ratio (CR)
CR<-CI/RI

# Print results

print("Pairwise Comparison Matrix:")

[1] "Pairwise Comparison Matrix:"
print(pairwise_matrix)

print("Normalized Pairwise Matrix:")

[1] "Normalized Pairwise Matrix:"
print(normalized_matrix)

print("Weights:")

[1] "Weights:"

print(weights)

print("Principal Eigenvalue (Lambda_max):")
[1] "Principal Eigenvalue (Lambda_max):"
print(principal_eigenvalue)

print("Consistency Index (CI):")

[1] "Consistency Index (CI):"

print(CI)

print("Consistency Ratio (CR):")

print(CR)

REFERENCES

Abeysundara, U. G. Y., Babel, S. and Gheewala, S. (2009).
A matrix in life cycle perspective for selecting
sustainable materials for buildings in Sri Lanka. Building
and Environment, 44(5): 997-1004.
https://doi.org/10.1016/j.buildenv.2008.07.001

Agrawal, V. V., Ferguson, M. and Souza, G. C. (2012).
Trade-in rebates for price discrimination and product
recovery. |IEEE Transactions on Engineering
Management, 59(2): 309-317.
https://doi.org/10.1109/TEM.2011.2112782

Ardente, F. and Mathieux, F. (2014). Environmental
assessment of the durability of energy-using products:
Method and application. Journal of Cleaner Production,
74: 62-73. https://doi.org/10.1016/j.jclepro.2014.03.044

Ardente, F. and Mathieux, F. (2014). Environmental
assessment of the durability of energy-using products:
method and application. Journal of Cleaner
Production,74: 62-73.

Bravo, M. and de Brito, J. (2012). Concrete building
rehabilitation: Service life prediction and durability
assessment. Construction and Building Materials, 29:
397-405.
https://doi.org/10.1016/j.conbuildmat.2011.10.049

Brouillat, E. (2009). Recycling and extending product-life:
An evolutionary modelling. Journal of Evolutionary
Economics, 19(3): 437-461.
https://doi.org/10.1007/s00191-008-0119-3

Udoh et al: A Probabilistic Modelling of Failure and Downtime
Distributions and Analysis of Operational Performance Metrics
and the Sustainability of the Spraying Machine
https://dx.doi.org/10.4314/wojast.v17i1.71

Clauset, A., Shalizi, C. R. and Newman, M. E. J. (2009).
Power-law distributions in empirical data. SIAM Review,
51(4): 661-703. https://doi.org/10.1137/070710111

Cohen, J. E., Xu, M. and Schuster, W. S. F. (2005).
Stochastic multiplicative population growth predicts and
interprets Taylor’s power law of fluctuation scaling.
Proceedings of the Royal Society B: Biological Sciences,
272(1581): 2169-2174.
https://doi.org/10.1098/rspb.2005.3206

Cooper, T. (2005). Slower consumption: Reflections on
product life spans and the “throwaway society.” Journal
of Industrial Ecology, 9(1-2): 51-67.
https://doi.org/10.1162/1088198054084671

De Saxcé, M., Pesnel, S. and Perrot, Y. (2012). A simplified
approach for LCA-based decision making in the early
stages of product development. Journal of Cleaner
Production, 35: 111-121.
https://doi.org/10.1016/j.jclepro.2012.05.013

De Silva, T. and Karamata, B. (2003). A comparative study
of income distribution models. Journal of Statistical
Planning and  Inference, 115(2):  347-365.
https://doi.org/10.1016/S0378-3758(02)00185-6

De Silva, T. and Khandakar, M. (2010). On the moments of
the Dagum distribution: A comparative study. Journal of
Econometrics, 155(2): 119-128.
https://doi.org/10.1016/j.jeconom.2009.09.019

Dewulf, W. and Duflou, J. (2004). Estimating environmental
impact scores for manufacturing processes. CIRP
Annals, 53(1): 5-8. https://doi.org/10.1016/S0007-
8506(07)60631-2

Downes, L., Ferguson, M. and Souza, G. C. (2011). Trade-
in rebates for price discrimination and product recovery.
IEEE Transactions on Engineering Management, 59(2):
309-317. https://doi.org/10.1109/TEM.2011.2112782

Ebeling, C. E. (1997). An introduction to reliability and
maintainability engineering. McGraw-Hill, Boston.

Ghosh, S. and Basak, A. (2009). Modeling income
distributions with the Dagum model. Journal of Income
Distribution, 18(3-4): 1-15.

Haly, A. R. (2022). Pareto distribution in productivity
modeling: A review. Journal of Applied Statistics, 49(5):
1123-1139.
https://doi.org/10.1080/02664763.2021.1941805

Hauschild, M., Jeswiet, J. and Alting, L. (2004). Design for
environment—Do we get the focus right? CIRP Annals,
53(1): 1-4. https://doi.org/10.1016/S0007-
8506(07)60630-0

Horie, Y. (2004). Life cycle optimization of household
refrigerator-freezer replacement. Journal of Cleaner
Production, 12(8-10): 915-925.
https://doi.org/10.1016/j.jclepro.2004.02.011

International Organization for Standardization. (2005). ISO
15686-1:2005: Buildings and constructed assets—
Service life planning—Part 1: General principles. 1SO.

Kececioglu, D. (1991). Reliability engineering handbook
(Vol. 1). Prentice Hall, USA.

Koslov, M. and Ushakov, I. A. (1995). Probabilistic
modeling of system failures. Reliability Engineering and
System Safety, 47(2): 145-152.

World Journal of Applied Science and Technology, Vol. 17 No. (1) (2025) 71- 82 81


https://dx.doi.org/10.4314/wojast.v17i1.71
https://doi.org/10.1016/j.buildenv.2008.07.001
https://doi.org/10.1109/TEM.2011.2112782
https://doi.org/10.1016/j.jclepro.2014.03.044
https://doi.org/10.1016/j.conbuildmat.2011.10.049
https://doi.org/10.1007/s00191-008-0119-3
https://doi.org/10.1137/070710111
https://doi.org/10.1098/rspb.2005.3206
https://doi.org/10.1162/1088198054084671
https://doi.org/10.1016/j.jclepro.2012.05.013
https://doi.org/10.1016/S0378-3758(02)00185-6
https://doi.org/10.1016/j.jeconom.2009.09.019
https://doi.org/10.1016/S0007-8506(07)60631-2
https://doi.org/10.1016/S0007-8506(07)60631-2
https://doi.org/10.1109/TEM.2011.2112782
https://doi.org/10.1080/02664763.2021.1941805
https://doi.org/10.1016/S0007-8506(07)60630-0
https://doi.org/10.1016/S0007-8506(07)60630-0
https://doi.org/10.1016/j.jclepro.2004.02.011

Open Access article published under the terms of a
Creative Commons license (CC BY).
http://wojast.org

Kostecki, M. (1998). Durable ecodesign: Product life
extension strategies. OECD Publishing, Paris.

Li, W., Kara, S. and Kornfeld, B. (2011). Energy efficiency
of manufacturing processes: A critical review. CIRP
Annals, 60(2): 745-768.
https://doi.org/10.1016/j.cirp.2011.05.002

Lindahl, M., Sundin, E. and Ostlin, J. (2006). Environmental
issues in product development—An overview among
Swedish manufacturing firms. Journal of Cleaner
Production, 14(15-16): 1402-1415.
https://doi.org/10.1016/j.jclepro.2005.11.020

Lounis, Z., Mirza, M. S. and Lachemi, M. (1998).
Probabilistic durability assessment of concrete structures
in marine environments. ACI Materials Journal, 95(5):
537-546.

Medina, J. R., Lizarraga-Morales, R. A. and Lépez-Torres,
C. (2013). A probabilistic approach for durability design
of reinforced concrete structures. Engineering
Structures, 55: 23-31.
https://doi.org/10.1016/j.engstruct.2013.03.052

Monteiro de Barros, M. and Dewberry, E. (2006). Design for
durability: A review of approaches to product longevity.
Journal of Sustainable Product Design, 2(3-4): 121-
132.

Mora, E. P. (2007). Life cycle, sustainability and the
transcendent quality of building materials. Building and
Environment, 42(3): 1329-1334.
https://doi.org/10.1016/j.buildenv.2005.11.004

Ostlin, J., Sundin, E. and Bjérkman, M. (2009). Product life-
cycle implications for remanufacturing strategies.
Journal of Cleaner Production, 17(11): 999-1009.
https://doi.org/10.1016/j.jclepro.2009.02.021

Ridenauer, 1. and Gensch, C. O., GrieBhammer, R. and
Bunke, D. (2005). Integrated Environmental and
Economic Assessment of Products and Processes.
Journal of Industrial Ecology, 9(4):105 — 116. DOI:
10.1162/108819805775248061

Rosenthal, E. (2004). Product durability and extended
producer responsibility: A policy approach. OECD
Publishing, Paris.

Sihag, N. and Sangwan, K. S. (2019). Sustainability
assessment of machining processes: A review. Procedia
CIRP, 80: 526-531.
https://doi.org/10.1016/j.procir.2019.01.068

Singpurwella, N. D. (2006). Reliability and risk: A Bayesian
perspective. Wiley and Sons, USA. ISBN: 978-0-470-
85502-7

Sundin, E. and Bras, B. (2005). Making functional sales
environmentally and economically beneficial through
product remanufacturing. Journal of Cleaner
Production, 13(9): 913-925.
https://doi.org/10.1016/j.jclepro.2004.04.006

Takada, S., Nagai, M. and Tanigaki, M. (1999). Probabilistic
durability assessment of concrete structures in chloride

Udoh et al: A Probabilistic Modelling of Failure and Downtime
Distributions and Analysis of Operational Performance Metrics
and the Sustainability of the Spraying Machine
https://dx.doi.org/10.4314/wojast.v17i1.71

environments. Journal of Materials in Civil Engineering,
11(4): 302-308.

Tasaki, T., Oguchi, M. and Kameyama, Y. (2013). Product
durability and product life extension in Japan. Journal of
Industrial Ecology, 17(6): 843-852.
https://doi.org/10.1111/jiec.12048

Udoh, N. S. (2018). A Reliability Analysis of 8hp-pml Gold
Engine Coupled-Locally-Fabricated Cassava Grinding
Machine. International Journal of Statistics and Applied
Mathematics, 3(6): 28-35. ISSN: 2456-1452.

Udoh, N. S. (2019). Probabilistic Modeling of Failure
Distribution and Reliability Analysis of Small Welding
Machines. Abacus: The Journal of Mathematical
Association of Nigeria, Mathematical series, 46(1): 407-
417,

Udoh, N. S. and Ekpenyong, E. J. (2019). Sequential
Imperfect Preventive
Maintenance and Replacement Schedule for 8hp-pml
Gold Engine Cassava Grinding Machine. International
Journal of Statistics and Reliability Engineering,
6(1):13-18. (ISSN(P):2350-0174; ISSN(0O):2456-2378).

Udoh, N., Udom, A. and Ohaegbunem, F. (2021). Optimal
Maintenance Probabilities and Replacement
Maintenance Policy for Photocopy Machines. Journal of
Reliability and Statistical Studies, 14(1):263-284. DOI:
10.13052/jrss0974-8024.14113

Udoh, N., Raheem, M. and Udom, A. (2022a). Probabilistic
Modeling of Failure Times and Replacement
Maintenance of Television Transmitter System. Nigerian
Journal of Technology, 44(2):750-759.
http://dx.doi.org/10.4314/njt.v41i4.12

Udoh, N., UKo, I. and Udom, A. (2022b). Optimal economic
age replacement models for non-repairable systems with
sudden but non-constant failure rate. Reliability: Theory
and Application, 69(17):108-120.

Nse Udoh, N. and Etim, A. (2024). Reliability and
Maintainability Analysis of Table Saw Machine.
European Journal of Theoretical and Applied Science,
2(5): 51-61. https://doi.org/10.59324/ejtas.2024.2(5).05

Ugwu, O. O., Kumaraswamy, M. M. and Wong, A. (2005).
Sustainability appraisal in infrastructure projects
(SUSAIP): Part 1—Development of indicators and
computational methods. Automation in Construction,
15(2): 239-251.
https://doi.org/10.1016/j.autcon.2005.06.001

van Hemel, C. and Cramer, J. (2002). Barriers and stimuli
for ecodesign in SMEs. Journal of Cleaner Production,
10(5): 439-453. https://doi.org/10.1016/S0959-
6526(02)00013-6

Veshagh, A. and Li, W. (2006). Durability assessment
methods for product life cycle design. International
Journal of Product Development, 3(3-4): 348-364.

Wiley, J. (1995). Maintainability: A key to effective
serviceability and maintenance management. John Wiley
and Sons, USA.

World Journal of Applied Science and Technology, Vol. 17 No. (1) (2025) 71- 82 82


https://dx.doi.org/10.4314/wojast.v17i1.71
https://doi.org/10.1016/j.cirp.2011.05.002
https://doi.org/10.1016/j.jclepro.2005.11.020
https://doi.org/10.1016/j.engstruct.2013.03.052
https://doi.org/10.1016/j.buildenv.2005.11.004
https://doi.org/10.1016/j.jclepro.2009.02.021
https://www.researchgate.net/journal/Journal-of-Industrial-Ecology-1530-9290?_tp=eyJjb250ZXh0Ijp7ImZpcnN0UGFnZSI6InB1YmxpY2F0aW9uIiwicGFnZSI6InB1YmxpY2F0aW9uIiwicG9zaXRpb24iOiJwYWdlSGVhZGVyIn19
http://dx.doi.org/10.1162/108819805775248061
https://doi.org/10.1016/j.procir.2019.01.068
https://doi.org/10.1016/j.jclepro.2004.04.006
https://doi.org/10.1111/jiec.12048
http://dx.doi.org/10.13052/jrss0974-8024.14113
https://doi.org/10.59324/ejtas.2024.2(5).05
https://doi.org/10.1016/j.autcon.2005.06.001
https://doi.org/10.1016/S0959-6526(02)00013-6
https://doi.org/10.1016/S0959-6526(02)00013-6

