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ABSTRACT

ARTICLE INFO

In this paper, a robust schedule has been proposed to deal with uncertainities
for m-machines permutation flow shop problems. A robust schedule ensures
that the expected finish time is always less than the makespan. To use the
global search ability of the evolution strategy (ES) and local search ability of
Tabu Search (TS), a hybrid evolution strategy (HES) is proposed by combining
Improved ES with TS to generate the robust schedules. The robust schedule is
first generated using ES and then the solution is optimized using TS for maxi-
mum exploitation and exploration of the solution space. For maximum exploi-
tation in ES, (1+9) reproduction operator and double swap mutation is used.
Also variable mutation rate is used for fine tuning of the results. In TS, the
length of Tabu list is fixed, also lower bound is used to save computational
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time. The hybrid algorithm is tested on Carlier and Reeves benchmark prob- (Magsood, S.)

lems taken from the OR-library. Achieved results are compared with other
famous techniques available in the literature, and the results show that HES
performs better than other techniques and provides an affirmative percent-
age increase in the probability that the expected finish time is less than the
makespan.
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1. Introduction

Scheduling in services and manufacturing sectors refers to the allocation of tasks or activities to
resources in a determined process for minimization of costs and optimizing operational efficien-
cy [1]. Based on the structure of the environment, scheduling has many types. Flow shop sched-
uling has practical implementation in automobile, pharmaceutical, pump, chemical, steel indus-
try and is addressed in this paper [2]. Permutation flow shop scheduling problems (PFSSP) has
been the focus for most researchers in the recent past, however they have mostly focused on a
deterministic environment. Study of deterministic PFSSP is relatively easier as all the parame-
ters are known in advance [3].

However uncertain events arrive in real-life situations and the uncertainties are induced in
processing times, which will affect the makespan of schedule [4]. Thus there are chances that
some jobs will not be completed in the expected finish time and hence the production gets de-
layed. Hence more focus should be paid to uncertainties in PFSSP [5, 6].

In stochastic scheduling, processing times of jobs are random and till their finish they are un-
known. Hence in scheduling, real-life situations should be able to deal with these stochastic
events. A good scheduling environment should cope with these uncertain situations and produce
a robust schedule. If the behavior of a schedule does not degrade significantly in the face of a

204



Hybrid evolution strategy approach for robust permutation flowshop scheduling

disruption it is termed as a robust schedule. Hence a robust schedule is insensitive to the occur-
rence of uncertain events. Robust scheduling is currently being used in various real-life situa-
tions to, i.e. manufacturing industry, airline crew scheduling, project scheduling, and process
industry. The present research is focused on robust scheduling for the manufacturing industry.

The two common approaches presently used in robust scheduling are reactive and proactive
scheduling [7]. In proactive scheduling, future disruptions are taken into account while generat-
ing the initial schedule. However reactive scheduling does not take future disruptions in account
while generating the initial schedule, and the schedule is revised after the occurrence of a dis-
ruption. In this paper, a proactive approach is used for robust scheduling.

Since the deterministic PFSSP is classified as an NP-hard problem [8], therefore the stochastic
PFSSP is also an NP-hard problem. Hence exact methods cannot be used to solve the large size
problem, therefore approximation methods should be used for their solutions [9]. Under uncer-
tainties, Gonzalez-Neira et al. [6] carried out a detailed literature review of flow shop problems.
He defined role of scheduling and guided further areas of research. He surveyed 100 papers and
in most of the papers makespan was the main objective, while very limited papers were focused
on multi objectives.

The remainder of the paper is organized as follows. A detailed literature review is provided in
Section 2. Section 3 explains the problem statement while methodology is presented in Section
4. The robust schedule is explained in Section 5 while computational results are explained in
Section 6. Finally, conclusions and recommendations are suggested in Section 7.

2. Literature review

Robustness of a schedule can be defined using different measures [10]. Mostly researchers have
minimized the variation of a performance indicator [11-13]. However, the robust schedules do
not guarantee that the performance indicator will not exceed limits as uncertainty occurs. Ini-
tially, Daniels and Carrillo [14] proposed a robust solution to address the uncertainties of pro-
cessing times in a single machine environment using a Branch and Bound (B & B) method and a
heuristic approach. They discovered the risk of the inferior system, by considering the variance
and mean performance in appraising alternative schedules. An exact dynamic program was used
by Yang and Yu [11] to find a robust schedule for a single machine environment with three per-
formance measures. Kuo and Lin [15] Studied robustness for a single machine environment with
total flow time as the objective function. The authors used a fractional programming framework
to find robust schedules. Using an algorithm they suggested worst case scenario and worst case
relative deviation, then a parametric programming algorithm was used to find robust schedule.

A robust multi-objective problem was studied by Jia and lerapetritou [16] incorporating ro-
bustness, economic expectation and expected unsatisfied demand. Based on a Tabu Search (TS)
algorithm, a robust and stable schedule was proposed by Goren and Sabuncuoglu [13]. For a
single machine scheduling problem, the proposed algorithm-generated robust and stable sched-
ules for three performance parameters, i.e. total flow time, makespan and total tardiness. The
algorithm constitutes two parts, i.e. sequence generator and sequence evaluator. In order to
cope with uncertain situations in a single machine environment, a robust schedule was proposed
by Wu et al. [17] using dominance rules. The objective was to minimize the risk that makespan
will not exceed the maximum threshold. He proposed three models, i.e. combined, primal and a
dual model to solve the problem, however, the combined method was the most efficient one.

Mostly the research has been focused on a single machine and it doesn’t represent actual cas-
es of PFSSP. By increasing the number of machines, the effect of uncertainty in scheduling envi-
ronment increases. A robust schedule for m-machines PFSSP was first studied by Liu et al. [7]
using an improved genetic algorithm (IGA). The IGA used a new generation scheme to preserve
the good characteristics of parents. The IGA was tested on Carlier and Reeves problems, and
compared with the results of NEH heuristic. Results showed that IGA performed better than NEH
and also produced an affirmative percentage that the expected finish time is always less than the
makespan.
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For machine breakdown uncertainty, Fazayeli et al. [18] proposed a Hybrid Meta heuristic for
maximizing B-robustness of makespan, he hybridized genetic algorithm with simulated anneal-
ing and outperformed six other heuristics. For uncertain setup and processing times, Gholami-
Zanjani et al. [19] suggested a Robust optimization and a Fuzzy Optimization approaches to min-
imize the weighted mean completion time. For two machine problem, Rahmani [20] used surro-
gate measures for uncertain processing times and machine failures. The algorithm worked in
two step structure, initially a schedule was generated for processing times and then a reactive
schedule was generated after machine failure. In view of the robust starting times, Cui et al. [21]
Proposed a Weibull distribution considering machine failures to minimize makespan. The algo-
rithm proceeded in two loop, first local serach is initialized using NEH and then genetic algo-
rithm is used in second loop.

For the uncertainties of processing times in m-machines, Ma et al. [22] proposed a robust
schedule based on an artificial bee colony algorithm (ABC). To enhance the exploitation and ex-
ploration of ABC, an improved local search scheme was introduced in ABC. The algorithm was
tested on famous Carlier and Reeves problems and compared with the results of IGA and NEH.
Results show that ABC finds a better robust schedule as compared to IGA and NEH. For stochas-
tic processing times, Gonzalez-Neira et al. [23] proposed a simheuristic approach to solve multi
objective PFSSP. The objectives are minimization of expected deviation of tardiness and tardi-
ness. Tabu Search is hybridized with a Monte Carlo simulation and a Pareto archived evolution
strategy in the simheuristic approach and tested on 540 benchmark instances. In addition he
applied the simheuristic approach on an optical laboratory case and found better results for ex-
pected and standard deviation as compared to the sequences used by the laboratory.

Recently various meta-heuristics have been used by numerous researchers for PFSSP and
other related problems, e.g. GA, ABC, TS, ES [24-31]. Although GA is fast, however, their searcha-
bility is reduced due to their lack of local search adaptability. ABC algorithms are simple howev-
er they often get trapped in local optimum [22]. TS is a local search technique and is widely used
for the discrete optimization problem, however, it becomes slow for large-sized problems. ES
was developed by Rechenberg in 1970 for parameter optimization problems, however recently
they have been applied to discrete problems. ES performs better for global search and contains
information of the previous solutions, however sometime it gets trapped in a local minima after
certain iterations, in this condition the ES jumps out of the local minima by using large mutation
rate.

The two key parameters for the performance of any algorithm are: i) Exploiting the best solu-
tions and ii) Exploring the search space. Hence the global search ability of ES should be com-
bined with local search ability of TS for better performance. Hence in this paper, a hybrid evolu-
tion strategy (HES) is proposed by combining an ES with TS to find robust schedules for m-
machines PFSSP. The ES is improved by using, (1+9) reproduction operator and double swap
mutation operator, also variable mutation rate is used for fine tuning of the results. To save the
computation time of TS, the length of Tabu list is fixed and lower bound is used. With all these
improvements, the HES finds optimal solution in minimum computational time.

3. Problem statement

In a PFSSP, n-jobs are processed in fixed order on m-machines. At time zero all the jobs are
available and they are independent. The first machine has no idle time and each machine can
simultaneously process one job. The processing time of the job includes setup and transporta-
tion times. Each job has M operations and they are performed on different machines. The pro-
cessing order of the job is the same on every machine. All machines are continuously available
and preemption is not allowed. The due date for all jobs is the same and there is unlimited buffer
space. Processing time of job I on machine j is represented at Pij and the Corresponding finish
time is represented at Ci. The finish time for the last job is termed as makespan and is repre-
sented at Crmqx. Mathematically PFSSP can be represented as below:

Ci1 =Py (1)
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l
Ci; = 2 I wherei=1,2,...,N (2)
r=1
j
C1,- = Z Py wherej=1,2,..,M 3
r=1
Crax = maX{Ci(j -1, C@i- 1)} + Pij 4)
Objective = max{Probability(Cpq.x < Expected Finish Time)} (5)

4. Robust schedule

When the processing times for jobs are uncertain, then for m-machines PFSSP and n-jobs, a
schedule which ensures maximum probability that the expected finish time is less that the make-
span is termed as robust schedule. Mathematically, for a robust schedule the probability (Cmax < X)
is maximum.

The processing time uncertainty in a robust schedule can be presented by fuzzy logic or
probabilistic technique. The probabilistic technique is normally used for processing time uncer-
tainty, where the distribution describes the processing time uncertainty. Actual data is taken
from the jobs processing time, and then it is analyzed to know the distribution of processing
time. Ample processing time data through repeat production is required to know the distribu-
tion of processing time. The processing time uncertainty is an independent random variable and
according to the central limit theorem, its distribution formed is a normal distribution. Hence
job processing time follows normal distribution according to the central limit theorem. If two
numbers A and B follow normal distribution then their sum A4 + B also follows a normal distribu-
tion. Hence makespan computed from normally distributed processing times follows a normal
distribution as depicted in Fig. 1.

For normally distributed makespan, the probability that the expected finish time is less than
makespan is calculated using Eq. 4.

Variance

/ make span

—> .
X=Expected completion time

* L

Mean Cmax= makespan
makeapan

Fig. 1 Normal distribution curve for makespan

1
Probability (Cmax < X) = > + ¢(2) (6)
here 220 and z = At 7
where z>0 and z = SCnlx 7
1 z
and zZ) = —— f e~ (t2/2) gt 8
¢ (2) T | ®)
0.1z(4.4 — 2) 0<2z<22)
?B(z) = p(z) =<0.49 (22 <z <£2.6) 9
0.50 (z > 2.6)

It is difficult to find the value of z through the exact method. However, Hayter [32] proposed a
mathematical equation to find its approximate value as shown in Eq. 9.
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5. Methodology
5.1 Evolution strategy

Evolution strategy (ES) is a subclass of an evolutionary algorithm and was developed was
Rechenberg [33]. ES is based on the Darwinian Paradigm of evolution and its performance de-
pends on the strength of its various genetic operators, i.e. selection, reproduction, recombina-
tion, evaluation. ES operates with a population of size (u + A), where u represents individual par-
ent and A represents the offspring. ES is an iterative process developed for the numerical optimi-
zation process and the solution space is searched through the population of individual solutions.
The mutation operator is the main genetic operator in ES [34]. In Literature different reproduc-
tion operators have been used for ES, i.e. (1+1), (1+4), (1+9), (1+16) (|35, 36]).

Two selection operators are normally used in ES, i.e. (u+A)-ES and (u, A)-ES. In (u+A)-ES, both
the parents and offspring’s take part in the selection process and it is recommended for combi-
natorial optimization problems. While in (i, A)-ES only the offspring’s take part in the selection
process and it is recommended for real value parameter optimization problems.

The performance of ES is heavily dependent on the strength of its mutation operator and is
the main source of genetic variation in ES. The mutation operator is problem-dependent, and
their appropriate selection is an art. Various mutation operators can be used for PFSSP, howev-
er, swap operators are best for PFSSP [37].

5.2 Improved evolution strategy (IES)

In order to maximize the exploration and exploitation of the solution space, the following im-
provements have been made (procedure for the IES is in Fig. 2):

Pseudocode for the IES

Input Parameters:

Total Number of generations

Mutation rate

Population size

Number of off springs to be produced from parent(A=9)

Record Parameters: Total number of generations and best makespan

1: Parent population randomly generated, Pp

2: for gen=1:k

3: Evaluate parent population

4: If number of generations (k) is not achieved go to step 7

5: else

6: end

7: forv=2:p

8: Produce offsprings and apply mutation operator (double swap mutation operator)
9: Update population, Pi

10: Evaluate all offsprings

11: end for

12: Evaluate Pi and fittest individual should be termed as parent for new iteration
13: If an offspring has minimum makespan it is termed as candidate (0S1-0S9=C)
14: else

15: Parent is termed as candidate (P=C)

16: end

17: Until number of iterations are achieved go to step 2

18: Record Total number of generations and best makespan

Fig. 2 Pseudocode for IES
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e For maximum exploitation of the solution space, (1+9) reproduction operator is used.
From 1 parent 9 offspring’s are generated.

o The selection scheme used is (1+9) instead of (1, 9), hence the selection pool consists of 10
entities, and the best offspring is selected from the pool, so the parent can survive for
many generations. In (1, 9) parents die out of the selection pool and only children are
available for selection.

e In order to increase the genetic variation, the large mutation rate is used initially and then
it is reduced for fine-tuning of global minima.

e To save computational time and for maximum exploitation of search space, double swap
mutation operator is used.

5.3 Tabu search (TS)

TS is a local search technique where the neighborhood is deterministically selected. For combi-
natorial optimization problems, TS is one of the most effective local search techniques for find-
ing near-optimal solutions [38]. The local search technique starts with a solution and then find
the best solution in the neighborhood. TS is good to avoid local minima and improving the solu-
tion through iterations. TS helps in exploring the solution beyond local optimality. TS starts from
a basic schedule and by searching its neighborhood, moves generate a set of iterations with the
lowest makespan. The exploration is then started from the previous best iteration as a new iter-
ation and the search process continues.

The key steps of the TS algorithm are an initial solution, evaluation, move, neighborhood
search, memory, searching strategy and termination criteria.

To avoid duplication of job swaps, a record of moves is kept in the list termed as Tabu List.
The key benefit of TS is the use of Tabu List to avoid duplication and overcoming local optima
and guiding the solution to the region which have not been explored. The infinite length of the
tabu list is not recommended as it slows down the algorithm. For finite Tabu List, FIFO strategy
is used, so as new attributes are inserted the old attributes are removed. The algorithm is termi-
nated if the number of iterations have reached, or the computational time has reached, or there
is no improvement in makespan after significant iterations, or the neighborhood is empty. The
performance and speed of convergence for any TS algorithm is based on the accurate design of
its components.

Following improvements have been made in the basic TS algorithm:

e To save the computational time of our TS algorithm, we have used lower bound and a
number of iterations instead of explicitly finding the best makespan.

e To avoid local minima, Tabu List having fixed length is used.

e Since the TS improves the solution found by IES, hence global search ability of ES is united
with local search ability of TS to find the best results.

Move and neighborhood

Every solution in our algorithm is represented by iteration. Using a set of moves, the neighbor-
hood of a solution is generated. Then, using the Move function, the solution is transformed into
another solution. The subset of moves associated with a given solution produces a set of solu-
tions known as neighborhood. At each iteration, the neighborhood is searched to find the best in
the neighborhood. Again move is performed, and a solution is generated from the previous best
solution and becomes the current solution and the iteration continues.

The two main types of moves for TS are i) E-move, Exchange Jobs at the at" and bt position. ii)
L-move, Remove a job at at position and put it at bt position. Although E-move is complex how-
ever it provides a better result and has been used in this paper. Since ample computational time
is required for the large neighborhood, hence to save computation time lower bounds are used
instead of calculating makespan explicitly.
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Tabu list

The primary purpose of Tabu list is used to prevent cycling during the search. In literature vari-
ous methods are available for implementation of Tabu list: i) Pairs of executed iterations, ii) Job
and its position, iii) Makespan of executed iterations, iv) Pair of jobs along with their positions.
The design of the appropriate Tabu list is a major factor for the performance and convergence of
the TS algorithm.

Based on problem type the length of Tabu List can be fixed or dynamic. In this paper fixed
length has been used. Let TL= (TL;,..., TL.) be a fixed Tabu List with length ¢, and Tj=(g, h) is a pair
of jobs. Initially, the Tabu List is started with zero elements Tj= (0, 0), where j=1,.., t. Let v= (a, b)
a move performed from an iteration m, after this move the Tabu List will be updated Tj=Tj+1
where j=1,., t-1. Then set Tt= (m (a), w (a+1)) if a<b and Tt= (m (a-1), m (a)) if a>b. An iteration 8
cannot be performed from a move v= (q, b) if minimum one pair (f (j), B (a)), j=a+1,.., b is in T if
a<b and minimum one pair (8 (a), £ (j)), j=b,.a-1isin T.

Procedure for the TS is in Fig. 3:

Pseudocode for the TS

Input:

Number of iterations, k

Size of move list ((a1,b1), (ai+1,bi+1) where i=...n

Total generations, k

1: Use the final sequence from ES as a starting sequence(So) for TS
So= (J, J2,- Jn) where n=number of jobs

2: for gen=1:k

3: Evaluate sequence, G(So)

4: Interchange adjacent wise pairs of So to generate new sequence(Sc) (Exchange Jobs at the ath and bth

position)

5: Evaluate candidate sequence G(Sc)

6: IF

7: G(Sc)<G(So)
Then So=Sc

8: Update move in Tabu List(al#al+1#b1#b1+1)

9: end

10: IF

11: Cmax=LB

12: Go to step 16

13: Else Continue

14: End

15: repeat until loop (Go to step 2)

16: Output Cmax and Total generations

Fig. 3 Pseudocode for TS

6. Computational results and discussion

To evaluate the robustness of HES, results are compared with other well-known techniques
available in the literature. Probability (Cmax < X) of HES is compared with the probability (Cmax <
X) of other known techniques. Robust schedule dealt is the paper was first presented by Liu,
Ullah [7] for m-machines PFSSP, he used IGA to find a robust schedule and compared his results
with the robust schedule generated by NEH heuristic [39]. The IGA performed better than NEH
based on the objective of probability (Cmax < X). An ABC algorithm was suggested by Ma, Wang
[22] for m-machines PFSSP and found better results than IGA and NEH. Hence in order to vali-
date HES for robust schedules it results will be compared with IGA, NEH, and ABC. Results of IGA
and ABC are taken from their original papers. Results of HES cannot be compared with other
technqiues as robust schedules for benchmark problems of Carlier [40] and Reeves [41] are only
generated by IGA, NEH and ABC.
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The expected finish time is required to compare the probability (Cmax < X). Hence in order to
compare the probability (Cmax < X) of HES, IGA, NEH and ABC, some assumptions are made. The
probability value for NEH schedule is assumed and the analogous z-value is computed using Egs.
6 and 9. Using the z-value the expected finish time is calculated using Eq. 7. Then the expected
finish time is used to compute the probability (Cmax < X) of HES. Finally, the probability of HES,
ABC, and IGA are compared with the probability of NEH.

The technique has been evaluated on famous benchmark problems of Carlier [40] and Reeves
[41] and their data set has been taken from OR-Library. The processing times in the data set are
deterministic, hence the deterministic times are assumed as the mean processing times. While
the variance of processing times is calculated from an assumed interval [1, uij/9], where uij is
the mean processing time. The mean and variance of processing times for Car01 and Rec01
problems are shown in Tables 1 and 2.

The hybrid ES was coded in MATLAB and tested on Laptop with 2.1 GHz processor and 4 GB
Ram. While the IGA, ABC, and NEH were all coded in Visual C. Three probabilities of 0.80, 0.85
and 0.90 were assumed for NEH Heuristic, hence for each problem three instances are used. The
z-value for each instance is calculated using Egs. 6 and 9. Each instance is first solved using NEH
to find mean and variance and then expected makespan as shown in Tables 3 and 4.
The expected finish time calculated using NEH is assumed to be the same for the HES, IGA and
ABC. The mean and variance makespan is then calculated using HES. Then the z-values are calcu-
lated using Eq. 9. Finally, probability (Cmax < X) is calculated using Eq. 9 for each instance.

Table 1 Processing times (mean and variance) for Car 1 (11x5) instance

Car 1 Problem

Jobs Mean processing times Variance processing times

M1 M2 M3 M4 M5 M1 M2 M3 M4 M5
1 375 12 142 245 412 11 1 11 3 6
2 632 452 758 278 398 15 4 1 9 8
3 12 876 124 534 765 1 1 7 16 2
4 460 542 523 120 499 2 10 6 7 2
5 528 101 789 124 999 11 8 2 2 8
6 796 245 632 375 123 4 6 12 10 12
7 532 230 543 896 452 11 10 2 9 5
8 14 124 214 543 785 1 9 3 16 17
9 257 527 753 210 463 19 10 3 2 1
10 896 896 214 258 259 1 4 3 8 13
11 532 302 501 765 988 8 2 13 1 13

Table 2 Processing times (mean and variance) for Rec 1 (20x5) problem

Rec 1 Problem (20x5)
Jobs Mean Processing Times Variance Processing Times

M1 M2 M3 M4 M5 M1 M2 M3 M4 M5
1 5 76 74 99 26 1 8 8 11 2
2 74 21 83 52 90 8 2 9 5 10
3 67 48 6 66 38 7 5 1 7 4
4 97 36 71 68 81 10 4 7 7 9
5 87 86 64 11 31 9 9 7 1 3
6 1 42 20 90 23 1 4 2 10 2
7 69 32 99 26 57 7 3 11 2 6
8 69 12 54 80 16 7 1 6 8 1
9 11 63 24 16 89 1 7 2 1 9
10 87 52 43 10 26 9 5 4 1 2
11 25 59 88 87 40 2 6 9 9 4
12 50 42 72 77 29 5 4 8 8 3
13 58 76 71 82 94 6 8 7 9 10
14 79 48 20 63 97 8 5 2 7 10
15 35 57 78 99 80 3 6 8 11 8
16 70 76 53 2 19 7 8 5 1 2
17 79 22 77 74 95 8 2 8 8 10
18 34 99 49 3 61 3 11 5 1 6
19 37 24 32 25 4 4 2 3 3 1
20 50 88 46 63 76 5 9 5 7 8
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In Eq. 10, The proportion increase in probability (Cmax < X) for each instance is introduced
while using Eq. 11 the proportion decline in risk can be calculated. Both these parameters will
be used to compare the proposed HES, IGA and ABC.

©(2)gs — ¢(Z)ngn

Yincrease Probability = 0D nen (10)
1—¢(z —(1—-9¢(z
Yincrease Risk = ( i EYE_Hzp(ZgES) ¢@ss) x 100 (11D

6.1 Carlier problems

From Table 3 it is evident that HES finds better robust schedules than NEH, IGA and ABC for Car-
lier Problems. HES finds minimum makespan for all instances as compared to NEH and IGA. Ex-
cept Car-03 instance, makepan values found by HES for all other instances is minimum as com-
pared to ABC. The probability found by HES is higher than the probabilities of HES and IGA. For
instance Car-03, probability of ABC is better, while for all other instances probability of HES is
higher than ABC. Probability is almost 100 % that the makespan is less than the expected finish
time. Almost 100 % probability is attained due to the assumptions used for computing ¢(z).
With HES, the minimum percent increase in the probability of 15 % and 13.09 % decrease in risk
for Car-01 problem. While the maximum increase in the probability of 66.67 % is obtained for
Car-02, Car-04 and Car-08 problems. A maximum percent decrease in risk of -42.88 % is ob-
tained for Car-02 problem.

From Figs. 4 and 5 it is evident that for schedules generated using HES, there is the maximum
probability that the makespan is less than the expected finish time and also ensures that the
decrease the risk of exceeding makespan from a large gap.

Table 3 Carlier problem results

Prob Size |Nawaz-Enscore-Ham Heuristic Improved genetic algorithm Artificial bee colony algorithm |Hybrid evolution strategy Percent Percent
increasein |decreasein
probability |risk with ES

Prob |a(z) Cmax X X Cmax Prob X Cmax Prob (X Cmax Prob |with ES
0.8 0.3 7038 7152.73 |7152.73 7050 0.87 7152.73 7040 0.862 |7152.73 7038 0.88 26.67 13.46
Car01| 11x5 |0.85 0.35 7038 7179.78 |7179.78 7050 0.917 7179.78 7040 0.913 |7179.78 7038 0.93 22.86 14.38
0.9 0.4 7038 721256 |721256 7059 0.934 7212.56 7040 0.957 |7212.56 7038 0.96 15.00 13.09
0.8 0.3 7376 753452 |753452 7180 1 7534.52 7166 1 7534.52 7166 1 66.67 -497
Car 02| 13x4 (0.85 0.35 7376 757189 |7571.89 7176 1 7571.89 7166 1 7571.89 7166 1 42.86 -24.55
0.9 0.4 7376 7617.19 |7617.19 7200 1 7617.19 7186 1 7617.19 7166 1 25.00 -42.88
0.8 0.3 7399 7543.52 |7543.52 7403 0.922 7543.52 7312 0.95 7543.52 7399 0.92 40.00 21.25
Car 03| 12x5 |0.85 0.35 7399 7577.59 |7577.59 7312 0.925 7577.59 7312 0.972 |7577.59 7399 0.96 31.43 21.23
0.9 0.4 7399 7618.9 7618.90 7401 0.947 7618.90 7312 0.984 |[7618.90 7399 0.98 20.00 16.24
0.8 0.3 8129 8270.02 [8270.02 8024 1 8270.02 8011 1 8270.02 8003 1 66.67 32.63
Car 04| 14x4 |0.85 0.35 8129 8303.26 |8303.26 8004 1 8303.26 8014 1 8303.26 8003 1 42.86 16.17
0.9 0.4 8129 834356 |834356 8018 1 8343.56 8106 1 8343.56 8003 1 25.00 -3.98
0.8 0.3 7835 7946.51 |794651 7758 0.969 7946.51 7727 0.966 |[7946.51 7720 0.98 60.00 34.83
Car 05| 10x6 |0.85 0.35 7835 7972.8 7972.80 7798 0.97 7972.80 7727 0.979 |(7972.80 7720 1 42.86 25.89
0.9 0.4 7835 8004.67 |8004.67 7758 0.99 8004.67 7727 0.99 8004.67 7720 1 25.00 13.71
0.8 0.3 8773 8893.55 [8893.55 8570 1 8893.55 8505 1 8893.55 8210 0.99 63.33 35.66
Car06| 8x9 |0.85 0.35 8773 8921.97 [8921.97 8570 1 8921.97 8505 1 8921.97 8210 0.99 40.00 25.74
0.9 0.4 8773 8956.43 |8956.43 8570 1 8956.43 8505 1 8956.43 8210 1 25.00 15.31
0.8 0.3 6590 6702.77 |6702.77 6590 0.754 6702.77 6590 0.881 |(6702.77 6490 0.95 50.00 27.80
Car 07| 7x7 |0.85 0.35 6590 6729.35 |6729.35 6590 0.8 6729.35 6590 0.93 6729.35 6490 0.97 34.29 22.90
0.9 0.4 6590 676158 |6761.58 6590 0.85 6761.58 6590 0.968 |(6761.58 6490 0.98 20.00 16.00
0.8 0.3 8564 8694.23 |8694.23 8366 1 8694.23 8424 1 8694.23 7790 1 66.67 3411
Car 08| 8x8 |[0.85 0.35 8564 8724.94 |8724.94 8366 1 8724.94 8420 1 8724.94 7790 1 42.86 23.41
0.9 0.4 8564 8762.16 |8762.16 8429 1 8762.16 8424 1 8762.16 7790 1 25.00 12.30
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Fig. 4 Comparison of Prob. on Carlier problems Fig. 5 Comparison of risk on Carlier problems

6.2 Reeves problems

The results of HES for Reeves's problems are shown in Table 4. Results of the HES are better as
compared to NEH, IGA and ABC. HES finds minimum makespan for all instances as compared to
NEH, IGA and ABC. Also the probability found by HES is higher than the probabilities of HES, IGA
and ABC. Using HES, the probability (Cmax < X) for all Rec problems is 100 %. Minimum increase
in the probability of 25 % and a decrease in risk of 20 % is observed for Rec-01 problem. While
maximum probability of 66.67 % is observed for Rec-01, Rec-03, Rec-05, Rec-07, Rec-09, Rec-11,
Rec-13, Rec-15 and Rec-17 problems and maximum decrease in risk of 40 % is observed for
Problem 1, 3,5,7,9,11, 13, 15 and 17 respectively.

From Figs. 6 and 7 it is evident that for schedules generated using HES, there is a maximum
probability that the makespan is less than the expected finish time and also ensures that the
decrease the risk of exceeding makespan from a large gap for Reeves problems.

Table 4 Reeves problem results

Prob | Size |Nawaz-Enscore-Ham heuristic Improved genetic algorithm | Artifical bee colony algorithm |Hybrid evolution strategy | Percent Percent
increase in decrease in
probability with | risk with ES

Prob o(z) Cmax X Cmax o(z) Prob Cmax o(z) Prob Cmax o(z) Prob ES
038 03 1320 1340.82 1271 0.5 1 1279 0.5 1 1249 0.5 1 66.67 40.00
Recl | 20x5 |0.85 0.35 1320 1345.72 1268 0.5 1 1291 0.5 1 1249 0.5 1 42.86 30.00
09 0.4 1320 1351.67 1288 0.5 1 1293 0.5 1 1249 0.5 1 25.00 20.00
0.8 0.3 1116 1133.02 1115 0312 (0812 |1111 0452 0952 |1109 0.5 1 66.67 40.00
Rec3 | 20x5 |0.85 0.35 1116 1137.03 1111 0.397 |0.897 |1112 0475 [0.975 |1109 0.5 1 42.86 30.00
0.9 0.4 1116 1141.89 1111 0437 (0937 |1113 0.49 0.99 1109 0.5 1 25.00 20.00
0.8 03 1296 1315.80 1255 0.5 1 1261 0.5 1 1245 0.5 1 66.67 40.00
Rec5 | 20x5 |0.85 0.35 1296 1320.47 1247 0.5 1 1266 0.5 1 1245 0.5 1 42.86 30.00
0.9 0.4 1296 1326.13 1268 0.5 1 1277 0.5 1 1245 0.5 1 25.00 20.00
0.8 0.3 1626 1645.89 1584 0.5 1 1584 0.5 1 1572 0.5 1 66.67 40.00
Rec7 | 20x10 |0.85 0.35 1626 1650.58 1599 0.5 1 1584 0.5 1 1572 0.5 1 42.86 30.00
09 0.4 1626 1656.26 1601 05 1 1596 05 1 1572 0.5 1 25.00 20.00
0.8 0.3 1583 1602.40 1580 0.340 |0.840 [1557 0.5 1 1537 0.5 1 66.67 40.00
Rec9 | 20x10 |0.85 0.35 1583 1606.98 1575 0448 ]0.948 |1557 05 1 1537 0.5 1 42.86 30.00
0.9 0.4 1583 1612.52 1574 0.464 |0.964 (1547 0.5 1 1537 0.5 1 25.00 20.00
0.8 0.3 1550 1569.91 1502 05 1 1502 05 1 1431 0.5 1 66.67 40.00
Rec11|20x=10 [0.85 0.35 1550 1574.60 1509 0.5 1 1509 0.5 1 1431 0.5 1 42.86 30.00
09 0.4 1550 1580.29 1491 05 1 1491 05 1 1431 0.5 1 25.00 20.00
0.8 0.3 2002 2025.90 1981 0.465 [0.965 (1981 0.5 1 1935 0.5 1 66.67 40.00
Rec13| 20x15 (0.85 0.35 2002 2031.54 1969 05 1 1969 05 1 1935 0.5 1 42.86 30.00
0.9 0.4 2002 2038.37 1979 0.5 1 1979 0.5 1 1935 0.5 1 25.00 20.00
0.8 0.3 2025 2045.59 1986 0.49 0.99 1986 05 1 1962 0.5 1 66.67 40.00
Rec15| 20=15 (0.85 0.35 2025 2050.45 1998 0.49 0.99 1998 0.5 1 1962 0.5 1 42.86 30.00
09 0.4 2025 2056.33 1997 05 1 1997 05 1 1962 0.5 1 25.00 20.00
0.8 0.3 2019 2044.40 1992 0.484 ]0.984 |1992 0.5 1 1939 0.5 1 66.67 40.00
Rec17| 20x15 (0.85 0.35 2019 2050.39 1986 05 1 1986 05 1 1939 0.5 1 42.86 30.00
09 0.4 2019 2057.65 1992 0.5 1 1994 0.5 1 1939 0.5 1 25.00 20.00
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Fig. 6 Comparison of probabilities on Reeves problems Fig. 7 Comparison of risk on Reeves problems

6.3 Overall results

Fig. 8 demonstrates the average rise in probability and average percentge decline in risk for all Car-
lier and Reeves problems. It is evident that for all Carlier and Reeves problems, HES provides better
probability that the expected finish time is less than the makespan for Carlier and Reeves instances
(more than 38 % and 42 % respectively). Also HES ensures a decline in risk that expected finish time
will not exceed the makespan for Carlier and Reeves instances (more than 22 % and 29 % respec-
tively). The overall results show that HES outperforms IGA, NEH and ABC and ensures that the ro-
bust schedules generated by HES gives higher probability that they will not exceed the expected fin-
ish time for Carlier and reeves problem. Also robust schedules generated using HES ensures the de-
cline in risk that the makespan will exceed the expected finish time for Carlier and Reeves instances.

M Car Prob W Rec Prob
60,00

50,00

40,00
30,00
20,00
10,00

0,00

Avg Increase in Prob  Avg Decrease in Risk

Percentage Change

Fig. 8 Avg. percentage increase in Prob. and Avg. percentage decrease in risk by HES

7. Conclusion and recommendations

Robust schedules are generated for m-machines PFSSP to address the uncertainty of processing
times. The objective is to ensure that the expected finish time is less than the makespan. As per
the central limit theorem, processing time for uncertain jobs is normally distributed. A hybrid ES
has been proposed and evaluated on famous benchmark problems of Carlier and Reeves. First
ES is executed for 30,0000 iterations and then the solution is optimized using TS. The hybrid
algorithm ensures maximum exploration as well as maximum exploitation of solution space.
Results are compared with the NEH, IGA and ABC algorithms, and HES has outperformed all of
them for all the Carlier and Reeves instances. The present research is focused on robust schedul-
ing for the manufacturing industry, and it ensures that the expected finish time of jobs will not
exceed the deadline as there are fluctuations in processing times of jobs in manufacturing indus-
try. Hence the research is applicable to other industrial cases, i.e. process and chemical industry,
pharmaceutical industry, steel industry etc. as the processing times in these industries are un-
certain.

For simplicity it is assumed that finish time is same for all jobs, however, in actual flow shop,
the finish times are different. Hence future research should be focused on PFSSP with all job
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have different expected finish times. Also, the research can be extended to flow shop with other
objectives, i.e. tardiness, and flowtime. So far robust schedules were generated for small size
flow shop problems. Hence in the future, robust schedules should be generated for large size
problems of Reeves, Taillard, and Valllada benchmark instances. Also robust schedules for job
shop problems are also still pendent. In addition robust schedules can be generated for other
performance measures, i.e. tardiness, flowtime etc.
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