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Abstract: Generally the decisions in different levels of supply chain are considered independently while the
feasibility of operational decisions greatly depends on the accuracy of forecasts in strategic level. In this study,
a production scheduling problem is considered integrated with a capacity planning problem. This problem
addresses a coordination issue in supply chain area between a tactical and an operational decision process. A
flow shop environment with resource allocation are regarded in which the processing time of a job depends on
the amount of several types of additional resources should be assigned to that job in planning stage. In order
to minimize a combination of maximum completion time and required amount of resources, a decomposition
approach is suggested that strives to tackle the main problem via two subproblems: job sequencing problem and
capacity planning problem. A hybrid evolutionary algorithm is then devised to achieve the accurate schedule
of jobs as well as appropriate allocation of resources. 
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INTRODUCTION

Scheduling is the allocation of resources to perform
a set of task over a period of time (Baker, 1974). Flow
Shop Scheduling Problem (FSSP) is a well known class
of scheduling problems with many applications in
industrial and manufacturing systems that has been
extensively studied during recent years. In a FSSP the
main purpose is to determine the sequence of n different
jobs should be processed on m machines such that a
predefined objective function is optimized. In flow shop
environments, a set of processes have to be sequentially
performed with same routings to complete all jobs. Since
the general FSSP includes many jobs and machines, it is
known to be a combinatorial optimization problem.
Hence, the solving approaches that yield near optimum
solutions are desirable for such problems. In scheduling
literature, there are several researches that have evaluated
the flow shop scheduling problem under various
assumptions. The first research dealt with the FSSP is
suggested by Johnson (1954) where an exact solution was
developed for solving-jobs and 2-machines case of FSSP
with makespan criterion. Recently, due to complexity of
FSSPs, metaheuristic algorithms such as Genetic
Algorithm (GA), Particle Swarm Optimization (PSO),
Immune Algorithm (IA), Ant Colony System (ACS),
Tabu Search (TS) have been extensively adapted. Haq et
al. (2010) presented a hybrid method based on genetic
algorithm and neural network to find a sequence of jobs
for the permutation flow shop with makespan
minimization. Zandieh and Gholami (2009) suggested a
metaheuristic based on immune algorithm for a hybrid

flow shop scheduling problems in which there are
sequence-dependent setup times with stochastic machine
breakdowns. A Particle Swarm Optimization (PSO)
algorithm is adapted by Tseng and Liao (2008) for solving
a multistage hybrid flow shop scheduling problem with
multiprocessor tasks. Besides, Huang and Yao (2008)
proposed a hybrid genetic algorithm to solve a special
case of flow shop problems with economic lot scheduling.
A novel Ant Colony System (ACS) algorithm was
proposed by Ying and Lin (2006) to solve a hybrid flow
shop scheduling with multiprocessor tasks. 

In this study, we propose resource-dependent
processing times for a permutation FSSP in which the
duration of operations is controllable decision variables
proportional to the amount of allocated resources. In other
words it is possible to reduce the processing time of the
jobs by assigning additional resources to jobs. In most
scheduling problems, it is generally assumed that the
processing times of jobs are known and fixed and only the
optimal starting times of operations need to be determined
via a scheduling algorithm. However, in many real cases,
the processing times can be considerably affected by
consumption of additional resources like workers, raw
materials, electricity power and fuels. Examples of such
problem include internet resource management,
controlling the ingot preheating process in steel
production, project management, part manufacturing,
machine tooling environment and VLSI circuit design.
The objective is to obtain an optimal processing
permutation as well as an optimal capacity planning such
that two conflict objective functions are minimized: the
total  completion  time  and  the   total  cost of resources
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consumed. Two met a heuristics are combined to schedule
the above mentioned problem that will be explained in
subsequent parts. 

PROBLEM DEFINITION

The Flow Shop Scheduling Problem (FSSP) consists
in scheduling n different jobs with given processing times
that are to be processed on m machines with identical
order of jobs’ operations on machines. A solution of a
certain case of this problem is called a permutation
scheduling and is delineated by a complete sequence of all
jobs. This special problem is known as Permutation Flow
Shop Scheduling (PFSS) in which same order of jobs is
performed on machines. We also consider such problem
in this study. The classical PFSS problem can be defined
as below. Each job is to be sequentially performed on m
machines. In addition, a matrix representing the
processing times is given in advance. Each job should be
processed on at most one machine and each machine
could handle at most one job at any time. The objective is
to find a sequence or a set of sequences for all jobs that is
same for each machine such that one or more than
predefined criteria is optimized. 

In most scheduling problems, it is usually assumed
that the processing times are known and fixed parameters.
While in many real manufacturing environments, the
processing times can be controlled by consumption of
extra resources. In this study, we investigate integrating
the Resource-Dependent Processing Times (RDPT) with
permutation flow shop scheduling in which not only
starting times of jobs should be calculated, but also the
duration of operations are considered as decision
variables. Therefore it seems that the suggested PFSS
with RDPT is more complicated than traditional FSSP and
belongs to the class of NP-Hard problems. In this problem
the job processing time is a function of the amount of
resources allocated to the job and the aim is to assign
appropriate quantity of resources to the operations and to
sequence the jobs on the machines in order to minimize
both the make span and the cost of resources. 

Algorithm development: Since the suggested PFSS with
RDPT seems to be strongly NP-Hard, it is of great interest
to develop approaches that yield good approximate
solutions to this problem. To do this, a decomposition
based procedure is developed in this section where the
original model dealt with via two subproblems as follows:

C Capacity planning problem: Given a resource-
dependent permutation flow shop problem, finds a set
of resource allocations to the operations that yields
the processing times. 

C Job sequencing problem: Given a set of resource
allocations from step 1, finds a processing sequence
of all jobs so that make span is minimized within the
given processing times. 

Obviously, solving both subproblems leads to a
feasible solution of original problem. A strong sequencing
algorithm with a poor capacity planning method can't
yield an optimal solution for the PFSS problem and vice
versa. Hence, the approaches that consider both
subproblems effectively have greater probability to yield
the optimal solution of PFSS with RDPT. 

In this section we propose integrating two effective
meta-heuristics, a Discrete Differential Evolution (DDE)
algorithm and a Variable Neighborhood Search (VNS) for
solving two aforementioned subproblems. The former met
a heuristic which employs a special discrete crossover and
mutation is adapt to solve the job sequencing problem and
the latter is devised to handle the capacity planning
problem by use of eight effective neighborhood structures.
Details of this hybrid algorithm are described in
subsequent parts.

JOB SEQUENCING PROBLEM

The Differential Evolutionary (DE) algorithm is a
kind of evolutionary algorithms used for solving
optimization problems over continuous space and is
known to be a simple global search technique. This
algorithm which was first proposed by Storn and Price
(1997) is a population-based met a heuristic and uses
simple differential operators to create new solutions and
one-to-one competition procedure to greedily select
between current solution and offspring vector for the next
generation. DE starts with a random population of
individuals and strives to find the global optimum by
using the differences between a pair of population
members. It combines the classic evolutionary operators
such as mutation, crossover and selection with simple
arithmetic operator which is based on the differential
vector to generate the new population. At each iteration,
both crossover and mutation operators are applied to
individuals to create new solutions. Afterward selection is
carried out to update the population. Due to the simple
and easy implementation and speedy convergence,
nowadays DE has attracted considerable attention and
wide applications for solving complex optimization
problems in different fields. 

In this section we will present a Discrete Differential
Evolution (DDE) algorithm to tackle the job sequencing
subproblem. A solution repair mechanism is devised so as
to consider the discrete nature of job sequencing problem.

Since the job permutation based representation bears
the necessary information related to the FSSP and it has
been widely used in the literature it is used in this study
for solution encoding. For starting evolutionary
algorithms, an initial solution is needed. Initial population
is the starting point of all population based algorithms. It
can be generated randomly or by some problem specific
heuristics. In contrast to the heuristic methods, the random
initial solutions not only require longer computational
time to obtain an optimal solution, but also the possibility
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for achieving an optimal solution would be decreased.
Hence, in order to reach a desirable quality of final
solution, a precise consideration for selecting the
initialization procedure is needed. As we mentioned
earlier, it is a common idea in any DE algorithm to select
initial solution at random. In this regard, in order to
enhance the probability for reaching the optimal solution,
both randomly and heuristic solutions is used in this study
to generate initial population. To this end, some well
known constructive heuristics in the context of scheduling
such as Shortest Processing Time (SPT), Longest
Processing Time (LPT), Shortest Operation Time (SOT)
and Longest Operation Time (LOT) and randomly
generated solutions are considered. We produce four
individuals by use of above mentioned heuristics and the
rest at random. As mentioned above, mutation and
crossover play the significant role in achieving desirable
final solutions. 

Since Qian et al. (2008) reported good results for
discrete DE in flow shop environments; the proposed DE
is adapted for solving job sequencing subproblem. To
enhance the performance of discrete DE, a local search
named coordinate directions search is added to the
crossover operator. Mutation and crossover are briefly
described here. A job-permutation-based mutation
operator was proposed as follows:
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Obviously, vt
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schedule since some jobs may repeat many times whereas
other jobs may be lost. So, it is not necessary to guarantee
a feasible solution by mutation operator and a legal target
individual can be obtained by the crossover operator. 

After applying mutation operator for creating mutant
vector vt

i the crossover operator generates a trail
individual Ut

i by combining a mutant individual vt
i and a

target individual Xi
t!1 The six steps of crossover

procedure of discrete DE are as follows: At first step,
randomly produce a cut point and break Xi

t!1 into two
parts. Then move the first part of Xi

t!1 to the left corner of
Ut

i Afterwards set j = 1. If vt
ij is not repetitive in Ut

i and
rand () < CR then put vt
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i

In this step, let j = j + 1 and repeat Step 4 until j > n or Ut
i

is fully filled. If Ut
i is not fully filled, then fill out the rest

with the remaining jobs from the second part of Xi
t-1 in

their original order. 
The quality of solutions generated by DDE should be

investigated through a fitness function. Since the job
sequencing problem yields a sequence of jobs to be
scheduled, the performance measure deals with the first
objective i.e. makespan. The most common evaluation
metrics to evaluate and compare the makespan obtained
by solutions is the Relative Percentage Deviation (RPD)
which is as follows:
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Best
sol sol
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−
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where the Algsol is the makespan obtained by the given
method, while Bestsol represents the makespan of best
known solution.

Capacity planning issue: The Variable Neighborhood
Search (VNS) algorithm as a recent met a heuristic
technique was first introduced by Mladenovic and Hansen
(1997). VNS is a local based approach which exploits
systematically the idea of neighborhood change, both in
descent to local minima and in escape from the valleys
which contain them. This metaheuristic is focused on the
mechanism of systematically exploring more than one
kind of neighborhood structure during the searching
process. After devising a solution representation form, a
set of neighborhood structure and sequence of their
implementations should be defined during the
initialization step. In addition, a termination condition like
maximum CPU time allowed, maximum number of
iterations, or maximum number of iterations between two
improvements is determined in this step. In order to start
the algorithm, an initial solution x is randomly generated
and is set to be the current solution. Afterwards, a
neighborhood solution x’ is randomly created based on the
current neighborhood structure via shake procedure. Then
a local search is performed around x’ to reach the local
optimum x’’. If the quality of local optimum x’’ is better
than current solution x, local optimum x’’ is set as current
solution, i.e., x is replaced with x’’ and the algorithm
starts with the first neighborhood structure. Otherwise, the
neighborhood structure is systematically altered to the
next neighborhood and then the shake procedure is
implemented again to select another region of search
space so as to find the local optimum there. This
procedure continues until all neighborhood are examined
and no further improvement can be gained with the
current solution x. In this case, the current iteration of
algorithm is terminated and the search starts again at the
first neighborhood with current solution x. The overall
search is terminated when a stopping criterion is met. 
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To encode the solutions, a Binary Three Dimensional
Matrix (BTDM) representing the amount of resource type
k allocated to the operation Oij is devised. Each element
of BTDM indicates 1 if the upper limit of resource is
apportioned otherwise represents 0. Moreover in order to
start algorithm, initial population is generated randomly.
To evaluate the quality of obtained solutions, a fitness
function is defined as the performance evaluation of the
BTDMs. Fitness is usually represented with a unique
function that indicates relative superiority of solutions. As
mentioned before, in this study the following criteria are
to be minimized: 

C Maximum completion time or make span (f1)
C Total cost of required recourses(f2)

The fitness function in this study is based on the weighted
sum of objectives is suggested as follows:

Overal Fitness = w1 × f1 + w2 × f2

Let Nk (k = 1, 2, ..., kmax) denote the neighborhood
structures during both shake and local search procedures.
The different number of neighborhood structures is
defined for each function in any VNS algorithm which is
based on requirements. In this section eight types of
neighborhood structures are suggested for capacity
planning problem. These structures are described below.

C N1: Randomly selects one particular position of
BTDM {(i, j, k) i = 1, 2, ..., n, j = 1, 2, ..., m, k = 1, 2,
..., p}and changes its mode to another one (061,
160).

C N2: Randomly selects a row of BTDM {(i, k) * i = 1,
2, ..., n, k = 1, 2, ..., p} and changes the mode of its
elements to another one.

C N3: Randomly selects a column of BTDM {(j, k) * j
= 1, 2, ..., m, k = 1, 2, ..., p} and changes the mode of
its elements to another one.

C N4: Randomly selects a height of BTDM {(i, j) * i =
1, 2, ..., n, j = 1, 2, ..., m} and changes the mode of its
elements to another one.

C N5: Randomly selects two positions of BTDM E {(i1,
j1, k1), (12, j2, k2) * i1, i2 = 1, 2, ..., n, j1, j2 = 1, 2,..., m,
k1, k2 = 1, 2,..., p} and swap their elements.

C N6: Randomly selects two rows of BTDM {(i1, k1),
(i2, k2) * i1, i2 = 1, 2,..., n, k1, k2 = 1, 2,..., p} and swap
their elements one to one.

C N7: Randomly selects two columns of BTDM {(j1,
k1), (i2, k2) * j1, j2 = 1, 2,..., m , k1, k2 = 1, 2,..., p} and
swap their elements one to one.

C N8: Randomly selects two heights of BTDM {(i1, j1),
(i2,  j2) * i1, i2 = 1, 2,..., n, j1, j2 = 1, 2,..., m} and swap
their elements one to one.

The VNS algorithm that is suggested in this study
begins with an initial solution, x generated randomly and

uses two important functions i.e., shake procedure and
local search. The shake function diversifies the search by
switching the solution to another neighborhood structure,
while the local search strives to find an improved solution
within the current neighborhood structure. Furthermore,
an outer loop controls the iteration of both shake and local
search. 

PERFORMANCE ANALYSIS 

This section describes the computational results
which were done to investigate the performance of the
proposed hybrid algorithm. To compare our algorithm and
other solution methods, some test problems are needed. In
this regard, two different types of well known benchmark
problems are considered dealt with the Carlier’s (1978)
and Reeves’s (1995) where 8 problems named Rec01 -
Rec41 and other 8 problems named Car1 - Car8 are
included. The above datasets are the famous flow shop
benchmark problems that are widely used in the literature.
In order to perform the experiments, suggested DDE and
VNS are implemented in MATLAB and run on a PC with
2.80 GHz and 992 GB of RAM memory. Since the first
model of FSSP with RDPT is proposed in this study, the
considered benchmarks are not completely fitted to this
problem. Hence, some modifications are needed. The
extra data that is required consists of the number of
resources (p), cost slop for resources (Ck), slopes of
processing time function ($k

ij), maximum possible
quantity of resources (Uk

ij), minimum possible quantity of
resources (Lk

ij) and intercept of processing time function
("ij). In addition, since two weighted objective functions
are considered, the weighting factors should be also
delineated. To determine the number of resources, two
levels are considered for each size of problem, i.e., we set
p = {2, 4} for small problems (n # 20), p = {6, 8} for
medium problems (20 < n # 50) and p = {10, 12} for
large problems (n > 50). Also, we set Ck to be generated
from a discrete uniform distribution ranging from 100 to
200 unit of money for all sizes of problem. To define the
slopes of processing time function, a random vector
between (!1, 0) with size p is suggested. The upper limit
of resources is proposed to follow a random uniform over
(50, 80) and the lower one is from a uniform distribution
on (20, 50) The weights of objectives are set to be a
uniform random number between (0, 1). Furthermore we
set the values of "ij to be the original processing times
presented by Taillard’s website and OR-Library. Hence,
we can reformulate the processing times as a decreasing
multiple linear function as follows. 

To investigate the performance of proposed hybrid
algorithm, the following algorithms are selected from
literature: ODE (2006), PGA (2008) and NEH (1983)
Table 1 shows the comparative results and revealed that
our proposed algorithm studies better than other three
algorithms  in optimizing standard test problems. As we
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Table 1: Comparison of algorithms on standard benchmark problems
ODE algorithm PGA algorithm NEH algorithm DDE algorithm Hybrid approach 
----------------------- -------------------- ---------------------- ---------------------- ----------------------------

Case Size Opt Cmax RPD Cmax RPD Cmax RPD Cmax RPD Cmax Cost
Car1 11×5 7038 7038 0.000 7038 0.000 7038 0.000 7038 0.000 4975 10254.3
Car2 13×4 7166 7166 0.000 7166 0.000 7376 2.931 7166 0.000 5381 11254.3
Car3 12×5 7312 7366 0.739 7399 1.190 7399 1.190 7340 0.383 5364 10594.2
Car4 14×4 8003 8003 0.000 8003 0.000 8003 0.000 8003 0.000 5842 8741.20
Car5 10×6 7720 7720 0.000 7720 0.000 7835 1.490 7720 0.000 5536 65412.9
Car6 8×9 8505 8505 0.000 8505 0.000 8773 3.151 8505 0.000 6291 5084.10
Car7 7×7 6590 6590 0.000 6590 0.000 6590 0.000 6590 0.000 4705 7846.50
Car8 8×8 8366 8366 0.000 8366 0.000 8564 2.367 8366 0.000 6131 7841.20
Rec01 20×5 1247 1308 4.892 1283 2.887 1303 4.491 1260 1.043 654 2541.80
Rec03 20×5 1109 1117 0.721 1125 1.443 1132 2.074 1114 0.451 871 1241.20
Rec05 20×5 1242 1257 1.208 1245 0.242 1281 3.140 1245 0.242 961 1054.60
Rec07 20×10 1566 1599 2.107 1622 3.576 1626 3.831 1584 1.149 841 1954.00
Rec09 20×10 1537 1592 3.578 1587 3.253 1583 2.993 1582 2.928 910 2065.40
Rec11 20×10 1431 1494 4.403 1476 3.145 1550 8.316 1469 2.655 1001 2006.40
Rec13 20×15 1930 2013 4.301 1975 2.332 2002 3.731 1975 2.332 1183 1254.60
Rec15 20×15 1950 2028 4.000 2005 2.821 2013 3.231 2004 2.769 1158 1654.50
Average 4544.5 4572.6 1.620 4569.0 1.310 4629.3 2.680 4560.1 0.870 3237.75 8800.08

expected,   DDE  outperforms  other  methods with RPD
0.87, while that of ODE, PGA and NEH are 1.62, 1.31
and 2.68, respectively. Moreover, the average makespan
obtained from DDE is only 4560.1, whereas the average
value of makespan calculated by three methods are
4572.6, 4569.0 and 4629.3, respectively. According to the
attained results, the solutions obtained by DDE are better
than those by the ODE, PGA and NEH for 10, 8 and 14
instances, respectively. The proposed hybrid DDE and
VNS algorithm is aimed to reach the less makespan
through devoting extra resources to the operations. As we
expected, the obtained values of average makespan by
hybrid method are better than those of ODE, PGA, NEH
and DDE, respectively at the expense of additional
resources.

CONCLUSION

This study addresses an integration issue in a two-
layer supply chain network between a tactical and an
operational decision problem. Generally the decisions in
different levels of supply chain are considered
independently while the feasibility of operational
decisions depends on the accuracy of forecasts in strategic
level. In this study we investigated coordinating the
production scheduling problem with a capacity planning
decision. The objective is to minimize both maximum
completion time and cost of resources. In order to reach
a reliable solution of problem, hybrid approach is
suggested and to make the capacity planning decisions
along with sequencing one. Several heuristics like SPT,
LPT, SOT and LOT, respectively are regarded as initial
solutions. In order to validate the suggested approach, a
computational analysis is conducted where the simulation

results on standard test problems showed that the
suggested hybrid approach is highly superior to other
existing methods.
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