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Abstract: In some practical cases, it is not an easy to analyze the behavior of any complex 
repairable industrial system up to desired degree of accuracy due to vague, imprecise and 
uncertain data collected from the various resources (historical/present records). If 
somehow it can be done, then they have a high range of uncertainty. So, in order to reduce 
this uncertainty, to make a more sound decision for expert/decision makers by utilizing 
available information, this paper presents a hybridized technique namely artificial bee 
colony based Lambda-Tau (ABCBLT) for analyzing the behavior of complex repairable 
system stochastic. To strengthen the analysis, various reliability indices named as systems 
failure rate, repair time, mean time between failures, reliability, availability and 
maintainability for a time varying failure rates, instead of constant failure rates, are 
obtained by using Lambda-Tau methodology and artificial bee colony (ABC) optimization 
has been used to construct their membership function by using ordinary arithmetic rather 
than fuzzy arithmetic operations. A case study of the bleaching unit of a paper mill 
situated in a northern part of India, producing approximately 200 tons of paper per day, 
has been considered to demonstrate the proposed approach. The behavior analysis results 
computed by ABCBLT technique have a reduced region of prediction in comparison of 
existing technique region, i.e., uncertainties involved in the analysis are reduced. 

Keywords: Artificial bee colony, reliability, Weibull distribution, paper mill, membership 
function, Lambda-Tau. 

1.   Introduction 

In the present era of automation and modernization, setting up of large production systems 
involves a huge capital investment especially in the process industry. High productivity 
and payback ratios are essential elements for the survival of these systems. So, it is 
necessary that a production system should remain operative for the maximum possible 
duration so as to maximize the overall production and hence profit. But unfortunately, 
failure is an unavoidable phenomenon associated with the technological advancement of 
the equipments used in these industries. These failures may be the result of human error, 
poor maintenance, or inadequate testing and inspection.  
     Therefore, the systems and components undergo several failure-repair cycles that 
include logistic delays while performing repair leads to the degradation of systems' overall 
performance. Thus, the job of the reliability/system analyst has become more challenging 
towards adoption and practice of suitable maintenance strategies for each component or 
system so as to maximize the overall production and hence profit. The behavior of these 
systems will help to analyze the systems' overall performance and to carry out design 
modifications so that timely action may be initiated to achieve the desired industrial goals. 
For achieving this various traditional analytical techniques (mathematical and statistical 
models) such as Markov modeling, fault tree (FT), failure mode and effect analysis, root 
cause analysis, Petri nets (PN) and non-homogeneous Poisson point process was used by 
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the researchers in both a qualitative and a quantitative manner [1-9]. All of these methods 
need large amounts of data, which are difficult to obtain because of various constraints 
such as rare events of components, human errors and economic considerations etc., for 
estimation of the failure/repair characteristics of the system. Even if data are available, 
they are often inaccurate and are thus subject to uncertainty, i.e., historical records can 
only represent the past behavior but may be unable to predict the future behavior of the 
equipment. Furthermore, age, adverse operating conditions and the vagaries of 
manufacturing/production processes affect each part/unit of the system differently.     
     Therefore, it may be very difficult to construct an accurate and complete mathematical 
model for the system. Thus, one comes across the problem of uncertainty in reliability 
assessment.  In such circumstances, rough (approximate) estimates of probabilities can be 
worked out. The estimates provided by experts or engineers are inherently subjective and 
to establish a rational method for reliability assessment, such subjective estimates should 
be merged with statistical randomness. Among the inexact reasoning methods fuzzy 
methodology acts as one of the most viable and effective tool as it helps to cope with 
imprecise, uncertain and subjective information in more consistent and logical manner 
[10-15]. 
     Furthermore, any reliability or availability index alone is inadequate to give a deeper 
idea about the systems' behavior because a lot of factors exist which overall influences the 
systems’ performance and consequently their behavior. To this effect, Knezevic and 
Odoom [16] highlighted these ideas and analyzed the behavior of a general repairable 
system by introducing the concept of fuzzy Lambda-Tau technique with PN in terms of 
various reliability indices utilizing quantified data. In their approach, PN is used to model 
the system while fuzzy set theory is used to quantify the uncertain, vague, and imprecise 
data. But during the analysis it has been observed that their approach is limited to small 
size structure. When this approach has been applied to a large structure or complex system 
then the computed reliability parameters have a wide spread due to various arithmetic 
operations used in the analysis [10,17,18]. Thus the obtained results have large amount of 
uncertainties and hence it does not follow the actual behavior of the system. Moreover, 
almost all the previous studies were carried out by considering the failure rate of the 
components which follows the exponential distribution, i.e., a constant failure rate. So 
there is a need for developing and generalizing the methodology for variable rates instead 
of constant rates and to reduce the uncertainties, for each reliability index, up to a desired 
degree of accuracy so that plant personnel may analyze the system behavior more closely. 
For this, a technique named as an artificial bee colony based Lambda-Tau (ABCBLT) 
methodology has proposed in this paper for evaluating the various reliability parameters 
(expressions are listed in Table 1) in the form of fuzzy membership functions. ABCBLT 
is a hybridized technique in which expressions of different reliability indices are obtained 
using Lambda-Tau methodology and ABC is used to construct their membership function. 
     Thus, the main objective of the present paper is to quantify the uncertainties with the 
help of fuzzy numbers and to develop a technique named as Artificial Bee Colony based 
Lambda-Tau (ABCBLT) for analyzing the behavior of an industrial system stochastically 
by utilizing vague, imprecise and uncertain data. The major advantage of this technique is 
that they provide a reduced region of prediction for the computed reliability index to make 
the decisions more realistic and generic for further application. The bleaching unit of a 
paper mill situated in the northern part of India, producing 200 tons of paper per day, has 
been considered to demonstrate the proposed approach. The obtained results will help the 
management for reallocating the resources to achieve the targeted goal of higher profit.  
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Table 1: Reliability Indices/Parameters used for Behavior Analysis 
Reliability parameters Expressions 
Hazard function 1)/)(/()( −= βθθβλ tt  
Mean time to failure )/11( βθ +Γ=MTTF ; Γ is the gamma function 
Mean time to repair  τµ == /1MTTR ;   µ is the repair rate of the system 
Mean time between failures  MTBF = MTTF + MTTR 
Reliability ))/(exp()( βθttR −=  
Availability 





 ++= ∫−− ttt duuuetA

0

/)/( }/)/exp{(11)( τθ
τ

βτθ β  

Maintainability )/exp(1)( τttM −−=  

Here, θ  is scale and β  is shape parameters of Weibull distribution and τ  is repair time 
of the system  

2. ABCBLT Technique 

The presented technique, named as an artificial bee colony based Lambda-Tau (ABCBLT) 
(flowchart shown in Fig. 1), is a hybridized technique for analyzing the behavior of the 
complex repairable industrial systems by utilizing imprecise, uncertain and vague data.  

 
 

Figure 1: Flow Chart of ABCBLT Methodology 
     In this technique, instead of constructing the membership functions by using fuzzy 
arithmetic functions, an ordinary arithmetic and optimization techniques have been used 
for avoiding the high level of uncertainties existing in the computed reliability indices. 
The detailed description of the technique is explained through the following steps by 
assuming: (i) failure rate follows a Weibull distribution while repair time is constant and 
obey exponential distribution function, (ii) separate maintenance facility is available for 
each component (iii) after repairs, the repaired component is considered as good as new. 
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Step 1: Data collection: In the first step, data related to failure rate and repair time for all 
the components, are collected/ extracted from the historical/present records of the system 
and is integrated with expertise of maintenance personnel. 
Step 2: Convert crisp data to fuzzy number: As the extracted data are always out of 
date or representing the past behavior of the system, so to handle these situations, data are 
fuzzified into fuzzy numbers. Triangular fuzzy numbers (TFNs) are used in the present 
study as it is easy for preparation, evaluation, and interpretation of engineering data. 
Step 3: Calculate various reliability parameters: In this step, the system is modeled 
with the help of PNs and based on that a minimal-cut set are obtained by using matrix 
method [16]. Based on these cut sets, expressions of various reliability indices are 
obtained by using Table 1. In order to construct their membership functions, spread for 
each reliability index must be reduced up to a desired degree of accuracy for taking a 
more appropriate decision to improve the performance of the system. In that direction, a 
nonlinear programming problem (1) has been constructed in the process of construction of 
the membership functions by utilizing the quantified fuzzy s/θ  and s/τ . Thus, the 
lower and upper boundary values of reliability indices are computed at cut level α  by 
solving the problem (1). 
Maximize/ Minimize 
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where ),,,,,,,(~
2121 mnF τττθθθ  and ),,,,,,,/(~

2121 mntF τττθθθ  are 
time independent and dependent fuzzy reliability index. The obtained minimum and 
maximum value of F~ are denoted by minF  and maxF respectively. The membership 

function values of F~ at maxF and minF  are both α , i.e., αµµ == )()( max~min~ FF FF . 
Since the problem is nonlinear in nature so it requires an efficient technique to solve this 
problem. Out of existence of a variety of methods and algorithms, the present paper used 
ABC [19-23] as a tool to find out the optimal solution of the above optimization problems, 
since ABCs have the advantages of memory, multi-character, local search and solution 
improvement mechanism, it is able to discover an excellent optimal solution. The 
objective function for maximization problem and the reciprocal of the objective function 
for minimization problem is taken as the fitness function. To stop the optimization process 
maximum number of generations and change in population fitness value are used. The 
brief description of ABC algorithm is described in section 3. 
Step 4: Find out defuzzified values of all calculated parameters: Defuzzification is 
necessary to convert the fuzzy output to a crisp value, as most of the actions or decisions 
implemented by human or machines are binary or crisp. Out of the existence of the 
various defuzzification techniques in the literature, center of area (COA) method is 
selected due to its property that it is equivalent to mean of data and so it is very 
appropriate for reliability calculations [24]. If the membership function )(~ xAµ  of the 

output fuzzy set A~  is described on the interval ],[ 21 xx , then COA defuzzification x  
can be defined as 
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3.  Artificial Bee Colony (ABC) 

The Artificial Bee Colony (ABC) algorithm is a swarm based meta-heuristic algorithm 
that was introduced by Karaboga in 2005 and its co-authors for optimizing numerical 
problems [19-23]. It was inspired by the intelligent foraging behavior of honey bees. In 
the ABC algorithm, the bees in a colony are divided into three groups: employed bees 
(forager bees), onlooker bees (observer bees) and scouts. In this, the first stage is the 
initialization stage in which food source positions are randomly selected by the bees and 
their nectar amounts (i.e., fitness function) are determined. Then, these bees come into the 
hive and share the nectar information of the sources with the bees waiting for the dance 
area within the hive. At the second stage, after sharing the information, every employed 
bee goes to the food source area visited with her at the previous cycle. Thus the 
probability ip of an onlooker bee choose to go the preferred food source at ix can be 

defined by ∑
=

=
N

i
iii xfxfp

1
)(/)( , where N is the number of food sources and f  is 

the amount of nectar evaluated by its employed bee. If a food source is tried/ foraged at a 
given number of explorations without improvement, then it is abandoned, and the bee at 
this location will move randomly to explore new locations. 
     After a solution is generated, that solution is improved by using a local search process 
called greedy selection process carried out by an onlooker and employed bees and is given 
by equation (3) 

)( jkjhjhjh XXXZ −+= φ                          (3) 
where Nk ,,2,1 =  and Dj ,,2,1 =  are randomly chosen indexes and D is the 
number of solutions parameters. Although k  is determined randomly, it has to be 
different from h . φ  is a random number between [-1, 1] and hZ  is the solution in the 
neighborhood of ),,,( 21 Dhhhh XXXX = . Except for the selected parameter j , all 

other parametric value of hZ are same as that of hX . If a particular food source solution 
does not improve for a predetermined iteration number then a new food source will be 
searched out by its associated bee and it becomes a scout. Assume that abandonment 
source is hX and Dj ,,2,1 =  then the scout discovers a new food source to be 
replaced with the randomly generated food source hX  within its domain ],[ maxmin XX  
as follows: 

))(1,0( minmaxmin, jjjjh XXrandXX −+=             (4) 
So this randomly generated food source is equally assigned to this scout and changing its 
status from scout to employ and hence other iteration/cycle of the algorithm begins until 
the termination condition, maximum cycle number (MCN) or relative error, is not 
satisfied.   
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4.   Illustrative Example 

To illustrate the proposed approach, a beaching unit of a paper mill has been taken in the 
present study [25]. The bleaching system is used to bleach the pulp to obtain a bright pulp 
for the production of white paper.  It consists of bleaching tank along with two subsystems 
arranged in series defined as: 
• Bleaching Tank (A): The washed pulp from the washing system stored in bleaching 

tank with a stirrer, where the chlorine is passed to obtain bright pulp. Failure in this 
unit will cause the complete failure of bleaching system. 

• Filter (B): Their primary action is to wash the bleached pulp and to remove 
entrapped gases. The subsystem consists of two units in parallel, and is said to be 
failed when both the units fail. 

• Washer (C): Their primary action is to wash the fibers and to remove chlorine from 
the pulp. It consists of two units in parallel, and is said to be failed when both the 
units fail. 

The RBD and its equivalent PNs model are shown in Fig. 2(a) and 2(b) respectively where 
BSF represents the bleaching system failure event. Based on its PNs model, the minimum 
cut sets of the system are }{}{},{ 2121 CCandBBA .  Under the information extraction 

phase, data related to failure rate ),( ii βθ and repair time )( iτ of the components are 
collected from present/historical records of the paper mill and is integrated with expertise 
of maintenance personnel as presented in Table 2. These data are imprecise and vague so 
are represented in the form of TFNs with %15±  spread. 

Table 2: Input Data for the Bleaching System 
 
Components 

Failure rates Repair time 
Weibull Parameters 

)(hrsθ  β  )(hrsτ  
Bleaching tank 311 1.60 2.5 
Filters 337 1.33 2.0 
Washers 426 1.46 3.0 

     Now, ABCBLT technique has been applied for mission time t = 10(hrs), computed 
reliability indices have been obtained and depicted graphically in Fig. 3 along with fuzzy 
Lambda-Tau (FLT) results. The results show that ABCBLT have reduced region and 
small spread in comparison of FLT results because ABC provides a solution near to 
optimal solution. Based on these results, a decrease in the spread from FLT to ABCBLT 
results have been computed and tabulated in Table 3. From this table it is concluded that 
the largest and the smallest decrease in spread occur corresponding to maintainability and 
availability respectively. This suggests that DM have smaller and more sensitive region to 
make more sound and effective decision in lesser time. 

Table 3: Data related to Spread of Reliability Indices 
 Computed Spread for Reliability Indices 

Failure rate Repair time MTBF Reliability Availability Maintainability 
I 0.00033547 3.3791677 40.7926501 0.0021130 0.0003435 0.1170963 
II 0.00015988 0.3575299 21.5968476 0.0011719 0.0001914 0.0116788 
 Decrease in Spread (in %) from I to II 
 109.826119 845.142685 88.882427 80.305486 79.467084 902.639826 
               I: FLT     II: ABCBLT 
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     Defuzzifed values of FLT and ABCBLT for each reliability index at different spreads 
( %25%,15 ±± and %50± ) are compared and are shown in Table 4 which shows that the 
crisp value does not change irrespective of the spread chosen, while the defuzzified value 
changes with change of spread. The table also shows that the results obtained from 
ABCBLT technique acts as a bridge between Markov process (i.e., crisp) and FLT 
technique. It has also been noticed that variation in defuzzified values for all the reliability 
indices are not so much as compared with Lambda-Tau technique results, when the 
uncertainty level increases from %15± to %25± and further %50± in the form of 
spread. 

Table 4: Crisp and Defuzzified Values at Different Spreads for Bleaching System 
Sprea

d 
Tech-
nique 

Defuzzified Values at (Spread) 
Failure rate 

410−×  
Repair time MTBF Reliability Availability Maintain- 

ability 
%0±  Crisp 6.62535 2.4827884 130.382991 0.99581709 0.99863981 0.98218526 
%15±

 
I 
II 

6.79091 
6.70302 

2.7320561 
2.4954087 

130.547659 
130.371491 

0.99571315 
0.99577417 

0.99863019 
0.99864321 

0.96035614 
0.98158328 

%25±
 

I 
II 

7.10974 
6.88906 

3.2265422 
2.4906222 

130.869106 
130.695575 

0.99532148 
0.99554519 

0.99859407 
0.99862284 

0.89953038 
0.98008764 

%50±
 

I 
II 

9.19877 
8.35247 

6.8643689 
2.4772497 

133.075437 
132.550309 

0.99292087 
0.99483250 

0.99838518 
0.99857256 

0.70284464 
0.97499101 

 I: FLT     II: ABCBLT 
 

                                          
(a) 

 
                        (b) 

Figure 2: (a) RBD and (b) Petri Net Model of the Bleaching System 
Based on the ABCBLT results, plant personnel/decision maker may have changed their 
targeted goals rather goals come from traditional analysis. For instance, if plant personnel 
want to optimize reliability of the system then the new target of system reliability should 
be greater than 0.995774173 rather 0.995713154 comes from FLT when the uncertainty 
level taken as %15± . Similarly, for other reliability indices new targets will be set. 
Change in defuzzified values for both the techniques from crisp results have been 
computed and given in Table 5 and concluded that variation in ABCBLT is smaller than 
FLT technique.  

Table 5: Change in Defuzzified Values of Reliability Indices (in magnitude) 
 Change in Defuzzified Values (in %) from   
 Failure rate Repair time MTBF Reliability Availability Maintainability 
Crisp to I 2.498886 10.039826 0.126295 0.010437 0.000963 2.222505 
Crisp to II 1.172315 0.5083097 0.008820 0.004310 0.000341 0.061290 
         I: FLT      II: ABCBLT 
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Figure 3: Fuzzy Reliability Indices Plot for the System 

Thus the values obtained through the proposed technique are conservative in nature which 
may be beneficial for a system expert / analyst for future course of action.  Thus if system 
analysts use ABCBLT results for the system, then they may have less range of prediction 
which finally leads to more sound decisions. 

5.   Conclusion 

This paper presents a hybridized technique named as an artificial bee colony based 
Lambda-Tau (ABCBLT) for determining the membership function of the reliability 
indices of complex repairable industrial systems. The technique has been demonstrated 
through a case study of a bleaching unit of a paper mill. The major advantage of the 
proposed approach is that it optimizes spread of the reliability indices up to a desired 
degree of accuracy which indicates the higher sensitivity zone and thus may be useful for 
the reliability engineers/experts to make more sound decisions. To strengthen the analysis, 
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various reliability indices namely failure rates, repair time, MTBF, reliability, availability 
and maintainability have been computed in the form of the triangular membership 
function. The obtained results are compared with Lambda-Tau results and conclude that 
the proposed results are superior to the Lambda-Tau results, i.e., the prediction range or 
uncertainties in the index level are decreasing. Thus, the obtained results will help the 
concerned managers to plan and adapt suitable maintenance practices/strategies for 
improving system's performance and thereby reduce operational and maintenance costs. 
     In a nutshell, the important managerial implications drawn by using the discussed 
technique are to 
• model and predict the behavior of industrial systems in a more consistent manner; 
• carry out design modifications, if any, required to achieve minimum failures, 
• help in maintenance (repair and replacement) decision making, 
• analyze the failure behavior of industrial systems in a more realistic manner as they 

often make use of imprecise data. 
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