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Abstract

The increased use of FMS give customer wide variety of products but they have some operational challenges. This research paper
contains the review of the different techniques opted for the optimization and scheduling of the FMS. All these problems emphasize
on routing flexibility, concurrency, Least make span and shared resources. The optimization procedures have been developed on
FMS is the based of four non-traditional approaches, i.e., genetic algorithm, simulated annealing algorithm memetic algorithm and
particle swarm algorithm, and are implemented successfully for solving the scheduling optimization problem of FMS. The particle
swarm algorithm is found to be superior and gives the minimum combined objective function. It was concluded that the procedures
developed in this work can be suitably modified to any kind of FMS with a large number of components and machines subject to

multi objective functions. Future products will include availability and handling times of load/unloading stations, robots and AGVs
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Keywords: Particle Swarm Algorithm, optimization Techniques in FMS, Non-Traditional Approaches

1. Introduction 1. Workstations: A machine tool which is computer
controlled is called a workstation. Machine centers,

To sustain in todays competitive global market manufacturing load/unload stations, assembly workstations, inspection

organizations have to develop a manufacturing system that can stations, forging stations, sheet metal processing etc are a

fulfil the changing demands of customer for customized few examples of workstations.

products. The system should be flexible, productive and should 2. Automated Storage stations and Material handling

be able to meet the demands within time bounds at a reasonable stations: The movement of work parts and sub assembly

cost. FMS belongs to a class halfway amidst job shop parts between different workstations is done mechanically

manufacturing system and batch manufacturing system. An which is referred to as automated material handling and

FMS has an integrated and computer controlled configuration storage system.

which is capable of automatically changing tools and parts. 0] The Random movement of work parts between

These machines are interconnected by automatic guided stations independently.

vehicles, pallets and storage buffers that have flexibility that (i)  Handling various work part configurations

allows modifying system behavior on occurrence of changes (iii)  Temporary storage

whether predicted or unpredicted. It is modelled as a collection (iv) Loading and unloading of work parts for easy

of workstations. The FMS should bedesigned to access.

simultaneously manufacture different volumes of a varying (v)  Computer control compatibility

variety of high quality products. The flexibility may be 3. Computer controlled systems: The functioning of the

machine flexibility or routing flexibility. Machine flexibility stated components is coordinated by a controlling

refers to system’s ability to produce new product types and Computer System. Its functions are:

change the sequence of operations executed on a part. Routing (i)  Controlling work stations

flexibility is the ability to absorb largescale changes such as in (i)  Control instruction distribution to the work

volume, capacity and capability. stations.

The arrangement of machines in an FMS is connected by a (iii)  Controlling production.

transport system. The components are automatically governed (iv)  Monitoring the performance of the system and

using local area network. Basic components of FMS. reporting.

FMS basically composes of the following three parts:
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A flexible, integrated, computer-controlled environment
allows the system to react on occurrence of changes, whether
predicted or unpredicted. Scheduling machines achieving the
desired performance in an FMS it is required that a good
scheduling system, taking into account the system conditions
should generate an optimal schedule at the right time.
It is an undeniable fact that all of us are optimizers as we all
make decisions for the sole purpose of maximizing our quality
of life, productivity in time, as well as our welfare in some way
or another. Since this is an ongoing struggle for creating the
best possible among many inferior designs, optimization was,
is, and will always be the core requirement of human life and
this fact yields the development of a massive number of
techniques in this area, starting from the early ages of
civilization until now. The efforts and lives behind this aim
dedicated by many brilliant philosophers, mathematicians,
scientists, and engineers have brought the high level of
civilization we enjoy today. Therefore, we find it imperative to
get to know first those major optimization techniques along
with the philosophy and long history behind them before going
into the details of the method detailed in this book. This chapter
begins with a detailed history of optimization, covering the
major achievements in time along with the people behind them.
The classical optimization techniques are useful in finding the
optimum solution or unconstrained maxima or minima of
continuous and differentiable functions.
These are analytical methods and make use of differential
calculus in locating the optimum solution.
The classical methods have limited scope in practical
applications as some of them involve objective functions
which are not continuous and/or differentiable. .Yet, the study
of these classical techniques of optimization form a basis for
developing most of the numerical techniques that have evolved
into advanced techniques more suitable to today’s practical
problems. These methods assume that the function is
differentiable twice with respect to the design variables and the
derivatives are continuous. Three main types of problems can
be handled by the classical optimization techniques:
» Single variable functions.
» Multivariable functions with no constraints.
» Multivariable functions with both equality and inequality
constraints.
In problems with equality constraints the Lagrange multiplier
method can be used. If the problem has inequality constraints,
the Kuhn-Tucker conditions can be used to identify the
optimum solution. These methods lead to a set of nonlinear
simultaneous equations that may be difficult to solve Stecke
and et. al [1] followed her divided the FMS operation problem
into two sub problems: preproduction setup and production
operation. In this view, a FMS is prepared beforehand for the
given part mix: loading the tools, allocating the operation to
the machines, allocating the pallets and fixtures to the different
part types. After this preparatory planning phase, the
remaining problems are called Operational problems and
solved later. She places stress on pre-production setup of the
FMS. This is to be carried out frequently, as the part mix

changes. To carry out a complete setup, a FMS manager would

solve 5 problems:

(1) Part type selection problem. This problem determines the
part types to be produced in the FMS out of the total
production requirement of the company.

(2) Machine grouping problem. She would partition the
machines in the FMS so that machines in a group can all
perform the same operations.

(3) Production ratio problem. This problem is related to
problem 1 - determine the ratio of the parts selected to be
manufactured in the FMS.

(4) Resource allocation problem. This problem determines
the allocation of pallets and fixtures to the part types.

(5) Loading problem. The solution to the problem will
simultaneously allocate operation of the part types and the
corresponding tools to the machine groups.

Then goes on to describe models for the grouping and loading
problems. For these problems, the major constraint is the
capacity of tool magazines of each machine tool. The
minimum number of machines required to cover all operations
is calculated using an optimization formulation to pack as
many tools as possible in few machine tools, at the same time
making enough tool allocations to cover all the part types. This
formulation gives the number of groups needed. If there are
more machines than the number of groups, the additional
machines are tooled identical to some of the ones that are
grouped. This way, the machines are pooled to allow
maximum flexibility. In Stecke's methodology, the operations
and corresponding tools are then assigned (loaded) to the
machine groups.

She suggests 6 different objectives to optimize during the

loading phase:

(1) Balance the assigned machine processing times.

(2) Minimize the number of movements from machine to
machine.

(3) Balance the workload per machine for a system of groups
of pooled machines of equal sizes.

(4) Unbalance the workload per machine for a system of
groups of pooled machines of unequal sizes. This
objective stems from earlier results of Stecke and Solberg
(1982) that recommends unbalancing the workload for
each machine when the pooled group sizes are unequal in
order to obtain maximum production rate.

(5) Fill the tool magazines as densely as possible.

(6) Maximize the sum of operation priorities.

The formulations of Stecke (1983) lead to large nonlinear

mixed integer problems. She suggests various linearization

schemes. Stecke's planning problems place much of the
scheduling problem in the setup stage. Once the setup is done
as per the five specific sub-problems, most of the resource

allocation is already complete. The setup is carried out for a

particular part mix. It is not clear when one of the six loading

objectives is to be favoured over the others. In some cases,
where the machine tools are separated over a long distance, the
choice is obvious. In other cases the answer is hard to discern.

The grouping problem does not consider the production ratio
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of parts. Thus, it could give an answer which is not desirable
from the view point of maintaining the production ratio.
Another problem with the formulation is the large number of
variables and constraints that result from the linearization of
the problems. That makes the approach computationally
expensive. Berrada and Stecke (1983) have proposed an
efficient branch and bound procedure for solving the loading
problem with the objective of workload balancing. Stecke's
approach is explained here at length because other
mathematical modelling approaches build upon this
foundational work.
Lashkari et al. [2] developed a formulation of the loading
problem. Their formulation considered refixturing and limited
tool availability. Besides this problem, they place an upper
bound on the number of tools that may be assigned.
They consider two objectives:
(1) Minimization of total transportation requirements of the
parts.
(2) Minimization of refixturing requirements.
The formulations have products of 0-1 integer variables.
He linearize the formulation to solve the problem using linear
integer programming code. Their computational experience
shows that even for small problems, the problem size becomes
very large. In order to reduce the search, they suggested
dividing the problem into two sub-problems, the result of
which could be used as an upper bound for the original
problem.
Unlike Stecke (1983), Lashkari et al. will permit only one
allocation of a machine to an operation. This would curtail
some flexibility at the operation control level. Their modelling
is suitable only when the parts must always traverse to and
from a central storage for every inter-machine transfer.
Further, the objective function lacks the relative weighting for
the different part types. Wilson (1989) used simpler and
straighter forward formulation of the constraints to solve the
same problem as discussed by Lashkari et al. (1987). He
demonstrated substantial savings in computational effort using
his modelling of the constraints and the objective function.
Shanker and Rajamarthandan (1989) present a similar model
with the objective of part movement minimization. In contrast
to Lashkari et al. (1987), they do not require the parts to go to
a central storage after every operation. Also, they are not
interested in the distance travelled: only the number of
movements is of concern. Like Wilson (1989), they exploit the
particular structure of the problem to obtain linearization of the
problem.
They also reported that high computational effort was required.
Han et al. (1989) address the setup and scheduling problem in
a special type of FMS: where all the machines are of the same
type, and tools are 'borrowed' between machines and from the
tool crib as needed. In their model, the number of tools is
limited. The purpose of their model is to assign tools and jobs
to machines so that the 'borrowing' of tools is minimized while
maintaining a 'reasonable’ workload balance. This is a
nonlinear  integer  programming problem, and s
computationally expensive. To solve the problem efficiently,
the authors propose to decompose the problem. The two sub-

problems each have the same objective as shown above. But
the constraints are divided. The first problem finds an
optimum tool allocation, given the job allocation. The second
problem finds an optimal job allocation, given the tool
allocation. Phrased in this way, both problems become linear.
The first problem is a capacitated transportation problem, and
the second is a generalized assignment problem. It is
suggested to solve the two problems iteratively. The FMS
investigated by Han et al., is special. All machine tools are
assumed identical. Consequently, the jobs remain at one
machine, and the tools are moved to the machines as needed.

Kimemia and Gershwin [1] report on an optimization problem

that optimizes the routing of the parts in a FMS with the
objective of maximizing the flow while keeping the average
in-process inventory below a fixed level. The machines in the
cell have different processing times for an operation. Network
of queues approach is used. The technique showed good
results in simulation. Chen and Chung [2] evaluate loading
formulations and routing policies in a simulated environment.
Their main finding was that FMS is not superior to job shop if
the routing flexibility is not utilized.
Avonts and Van Wassenhove [3] present a unique procedure
to select the part mix and the routing of parts ina FMS. A LP
model is used to select the part mix using cost differential from
producing the part outside the FMS. The selected loading is
then checked by a queuing model for utilization in an iterative
fashion.  Hutchison et al. [4] provide a mathematical
formulation of the random FMS scheduling problem, where
random (not preselected) jobs arrive at the FMS. Their
formulation is a static one in which N jobs are to be scheduled
on M machines. The objective is to minimize the make span.
They present a mixed integer 0-1 programming formulation.
They solve this problem by a branch and bound scheme. A
single formulation solves the allocation of the operations to the
machines and the timed sequence of the operations. However,
their study assumes that material handling devices, pallets,
buffers, and tool magazines do not constrain the system.
Further, at most one alternative is allowed for any operation.
An alternative approach to this problem is to decompose it into
two sub problems. The first problem is the allocation of the
jobs to the machines in the routings. The second problem is the
time bound sequencing of the jobs, the standard job shop
problem. Hutchison et al. [5] report on a comparison of the
performance of the above two methodologies and another
methodology which was based on dispatching rule (SPT). A
novel feature of their simulation experiment is their use of a
measure of flexibility: probability of an alternate machine
option for any operation. They concluded that the
programming formulations produced substantial improvement
in make span over the dispatching rules. However, as
compared to the decomposed problem, the unified formulation
did not produce significant improvement in make span to
justify the additional computational effort required.

In the above approach, the tool magazines do not constrain the
system. Hence the first sub problem of the decomposition can
allocate all the jobs to their machines. However, when the tool
magazine is considered restraining, it may not be possible to
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allocate all the jobs for one tooling setup. Then this sub
problem resolves to a selection problem. Out of the pool of
waiting jobs, jobs are selected to be processed in the next
planning period (part type selection problem). The selected
parts are then sequenced. The process is repeated period by
period. In this approach, it is assumed that at the beginning of
each planning period all the tools are reassigned and replaced
in the tool magazine. Shanker and Tzen [7] propose a
mathematical programming approach to solve this part
selection problem for random FMS. Their approach is similar
to (Stecke, 1983). Stecke assumes the part ratio as given and
the planning horizon as indefinite whereas Shanker and Tzen
consider individual parts and a fixed planning horizon. They
have a constraint on the tool magazine capacity which is very
similar to Stecke's. They constrain the model to find a unique
routing for each part type (in contrast to Stecke). Two
objectives are considered: Balancing the workload, and
balancing the workload and minimizing the number of late
jobs.

The resulting problems are, again, non-linear integer problems.
Even after linearization, the problems are computationally too
expensive, and they further propose two heuristics
corresponding to the two objectives. For balancing the
workload, they propose essentially a greedy heuristic which
attempts to allocate to the most lightly loaded machine the
longest operation first. For the second objective, the same
heuristic is modified to include the overdue jobs with the
highest priority. Their computational experience showed that
the analytical formulations would be too formidable to be of
practical use. Shanker and Srinivasulu [8] modify the objective
to consider the throughput also. A computationally expensive
branch and backtrack algorithm is suggested as well as
heuristics. In the above approaches for random FMS, the
scheduling of the FMS is decomposed into two problems: part
type selection, and sequencing of jobs. The sequencing is done
using one of the dispatching rules. Of course, some (e.g.
branch and bound) search could be used to solve the
sequencing problem too.

Hwan and Shogun [9] present the part selection problem for a
random FMS with machines of a single general purpose type
capable of producing all part types. They include the due date
and the quantity of parts needed to be produced in their
formulation. By ignoring the tool overlapping (cf. Stecke,
1983), they considerably simplify the tool magazine constraint.
Their objective is to maximize the number of part types
selected over a planning horizon. They take care of due dates
by weighting on the selected part types. By assuming a single
machine type, their problem essentially boils down to
maximizing the utilization of the tool slots in the tool
magazines. They report computational experience on two
Lagrangian relaxation techniques they used to solve the
problem. Their heuristics and Lagrangian methods obtained
solutions close to optimal solutions found by the branch and
bound method. The CPU times required by the three methods
are successively order of magnitudes higher.  Co et al. [10]
have suggested a four pass approach to solve the batching,
loading and tool configuration problems of random FMS. In

this approach, compatible jobs are batched together using
integer programming. The solution is then improved upon in
three further stages. Jaikumar and Van Wassenhove [11]
propose a hierarchical planning and scheduling decomposition
of FMS operation problems. In the first level, an aggregate
production model is used. This is a linear programming model
that chooses parts to be produced in a FMS during the next
planning period. The remaining parts are assumed to be
produced elsewhere at a cost difference. The objective is to
maximize the cost difference while allowing for the inventory
cost for work in process. The essential constraints are the
demand for the parts and the machine capacity. Put simply,
the objective of the second level is to minimize tool
changeover. The production requirements and the tool and
machine allocation are determined in levels one and two. All
that remains in the third level is to determine a feasible
schedule that will fulfil the above requirements. Detailed
requirements such as buffer requirements, and material
handling constraints, are taken care of at this level. Jaikumar
and Wassenhove recommend simulation using some
dispatching rule to carry out this level. If a feasible schedule
cannot be obtained, the planning process is reiterated. They
discuss the application of their framework in an existing FMS
and point out that the primary problem is at the first level -
selection of parts. Once this is decided upon, the other two
problems can be solved by simple heuristics.

Mathematical models in the literature are not efficient for
reasonably sized problems. Further, they make simplifying
assumptions which are not always valid in practice. The
assumptions, of course, change with the models: some models
assume automatic tool transport, some others will neglect
delays caused by automated guided vehicles (AGV), and still
others will assume that tool magazines, pallets and fixtures do
not constrain the models in any way, and so on. The models
also take a static view of the shop floor. It is assumed that all
the planned activities will be carried out exactly, or the
disruptions are infrequent enough that periodic solution of the
problems will be practical. Muhammad Hafidz Fazli bin
et.al.[12] described an efficient and optimized operation of
Automated Guided Vehicles (AGVs) plays a critical role in
improving the performance of a Flexible Manufacturing
System (FMS).Among the main elements in the
implementation of AGV is task scheduling. This is due to the
fact that efficient scheduling would enable the increment of
productivity and reducing delivery cost whilst optimally
utilizes the entire fleet. In this research paper, Binary Particle
Swarm Optimization (BPSO) is used to optimize simultaneous
machines and AGVs scheduling process with make span
minimization function. It is proven that this method is capable
to provide better solution compared to others. Ranbir Singh
et.al [13] described that production planning is the foremost
task for manufacturing firms to deal with, specially adopting
Flexible Manufacturing System (FMS) as the manufacturing
strategy for production seeking an optimal balance between
productivity-flexibility requirements. Production planning in
FMS provides a solution to problems regarding part type
selection: machine grouping, production ratio, resource

50



R.S.Mishra et al / International journal of research in engineering and innovation (IJREI), vol 1, issue 6 (2017), 47-56

allocation and loading problem. These problems need to be
solved optimally for maximum utilization of resources.
Optimal solution to these problems has been a focus of
attention in production and manufacturing, industrial and
academic research since a number of decades. Evolution of
new optimization techniques, software, technology, machines
and computer languages provides the scope of a better optimal
solution to the existing problems. Thus there remains a need of
research to solve the problem with latest tools and techniques
for higher optimal use of available resources. As an objective,
the researchers need to reduce the computational time and cost,
complexity of the problem, solution approach viz. general or
customized, and better user friendly communication with
machine, higher freedom to select the desired objectives types
for optimal solution to the problem. As an approach to the
solution to the problem, a researcher first needs to go for an
exhaustive literature review, where the researcher needs to find
the research gaps, compare and analyze the tools and
techniques used, number of objectives considered for
optimization and need, and scope of research for the research
problem. The present study is a review paper analyzing the
research gaps, approach and techniques used, scope of new
optimization techniques or any other research, objectives
considered and validation approaches for loading problems of
production planning in FMS. Iman Badr et.al [14] described
scheduling for flexible manufacturing systems (FMS) poses
the challenge of optimizing the generated schedule while
exhibiting flexibility to environmental dynamics. While the
agent-based paradigm has been shown to tackle the inherent
complexity of the problem and exhibit the required flexibility,
it hinders the global optimization due to its decentralized
structure. In this paper, genetic algorithms (GA) are
incorporated into an agent-based scheduling architecture to
overcome this shortcoming of agents and to achieve the
required combination of flexibility with efficiency. Based on
GA, individual agents optimize the schedule from their local
view. Through the cooperation among the individual agents, a
near-optimal schedule under consideration of the different
optimization objectives is attained. Test results prove that the
proposed integration yields near-optimal schedules with low
computational complexity.

Giffler B, Thomson GL [15] said algorithms are developed for
solving problems to minimize the length of production
schedules. The algorithms generate anyone, or all, schedule(s)
of a particular subset of all possible schedules, called the active
schedules. This subset contains, in turn, a subset of the optimal
schedules. It is further shown that every optimal schedule is
equivalent to an active optimal schedule. Computational
experience with the algorithms shows that it is practical, in
problems of small size, to generate the complete set of all
active schedules and to pick the optimal schedules directly
from this set and, when this is not practical, to random sample
from the bet of all active schedules and, thus, to produce
schedules that are optimal with a probability as close to unity
as is desired. The basic algorithm can also generate the
particular schedules produced by well-known machine loading
rules. Shankar K, Tzen YJ [16] described that scheduling

problem in a flexible manufacturing system (FMS) is
considered to be a composite of two interdependent tasks:
loading and sequencing. Formulations are presented for the
loading problem with two objectives such as minimization of
the system workload unbalance, and minimization of system
unbalance and the number of late jobs; including constraints
such as the number of tools slots with duplications, unique job
routing, non-splitting of jobs and machine capacity. For both
the objectives, heuristic methods are developed and
performance is compared with the exact mixed integer
programming solutions. A simulation model is developed for
investigating the system performance for the problem of
minimizing the system unbalance using heuristic and
sequential loading methods in conjunction with four—FIFO,
SPT, LPT and MOPR—dispatching rules. Ghosh S, Gaimon C
[17] presented a multiproduct, multi period, multistage
network model for the planning of order release and production
scheduling in a flexible manufacturing system environment
under the existence of alternate routings. It is assumed that pre
manufacturing decisions such as machine grouping and tool
loading have been made, so that setup costs and setup times are
negligible and can be included in the processing times. The
decision process addressed by the model is the disaggregation
of weekly production requirements to daily production
requirements, the determination of production batch sizes for
each operation of each part type, and the daily assignment of
each batch to machine groups given the flexibility of alternate
routings. The model also provides the interface and linkage
between an MRP component planning system and the shop
scheduling system. The model is solved using a price-directive
decomposition  technique  with  column  generation.
Experimentation is performed with the model for varying
problem sizes to determine the impact of shop flexibility on
total cost, inventory levels, and existence of bottlenecks, shop
utilization, and the number of setups and split lot production.
The results indicate important cost-benefit trade-off
implications for system design and acquisition. For example,
if in fact setup costs and times are non-negligible, then it is
shown that increasing the routing flexibility of a system
without a parallel decrease in setup costs and times is unlikely
to reap significant benefits. Chisman JA [18] described that the
optimal sequencing of parts through a two-operator, gear
manufacturing cell is discussed. Because of lack of data, it was
first necessary to develop an analytical technique to determine
the sequence-dependent setup times. With these setup times,
the travelling salesman routine and the clustered travelling
salesman modification were used to find the optimal sequence.
Finally, an existing simulation model of the cell was employed
to test the validity of the analytical sequencing approach.
Greenberg HH [19] described a mixed integer formulation is
presented for the general n job, m machine scheduling
problem. This formulation is shown to reduce to a series of
non-integer L.P. problems of moderate proportions when
applying the branch-bound technique. Solutions are presented
for the two problems: minimize make-span and minimize idle
time. An example and some computational experience for the
“minimize idle time” problem are given. Hoitomt DJ, Luh PB,
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Pattipati KR [20] used Lagrangian relaxation to schedule job
shops, which include multiple machine types, generic
precedence constraints, and simple routing considerations, is
explored. Using an augmented Lagrangian formulation, the
scheduling problem is decomposed into operation-level sub
problems for the selection of operation beginning times and
machine types, with given multipliers and penalty coefficients.
The multipliers and penalty coefficients are then updated at the
higher level. The solution forms the basis of a list-scheduling
algorithm that generates a feasible schedule. A procedure is
also developed to evaluate the quality of this feasible schedule
by generating a lower bound on the optimal cost. Numerical
examples are taken from a representative industrial job shop.
High-quality schedules are efficiently generated every other
day over a three-week period, with costs generally within 4%
of their respective lower bounds. The methodology compares
favorably with knowledge-based scheduling. Niroomand et al.
[21] addressed a new meta-heuristic algorithm to solve a
closed loop layout problem. The proposed algorithm applies a
modified version of the recently invented migrating bird’s
optimization method. The computational experiments show
that in most of the benchmark problems the results obtained
from the proposed migrating birds optimization method is
better than those obtained by other methods which are
published in the literature.

Jahromi et al.[22] considered a problem of dynamic machine-
tool selection and operation allocation with part and tool
movement policies in a flexible manufacturing system (FMS)
environment. For this purpose, a novel 0-1 linear integer
programming model is presented in such a way that each part
and each tool can move during the production phase. It is
assumed that there are a given set of tools and machines that
can produce different kinds of orders (or part types). The
objective of this model is to determine a machine-tool
combination for each operation of the part type by minimizing
some production costs, such as machining costs, setup costs,
material handling costs and tool movement costs. In addition,
due to the NP-hard nature of the problem, a new heuristic
method based on five simple procedures (FSP) is proposed for
solving the given problem, whose performance is tested on a
number of randomly generated problems. The related results
are compared with results obtained by a branch-and-bound
method. It had been found that the proposed heuristic method
gives good results in terms of objective function values Naderi,
B., & Azab, A. [23] addressed that machine tools are able to
process at most one operation on one part at a time provided
they have only a single spindle and a single turret. Yet, with
the advent of Turn-Mill machining centres carrying multiple
spindles and turrets parallel processing and multitask metal-
cutting becomes possible. This paper dealt with scheduling of
a flexible manufacturing cell with parallel processing
capability. This problem was first formulated as a mixed
integer linear programming model. Using this model, small
instances are solved for optimality. Then, to solve large
instances, five metaheuristics are developed based on the
proposed encoding scheme, operators and local search. Test
cases are used to evaluate and compare the algorithms as well

as the mathematical model. Aalaei, A., & Davoudpour, H. [24]
described a new mathematical model is presented for a cellular
manufacturing system into supply chain design with labour
assignment. This paper considers important manufacturing
features thoroughly such as multiple plant locations, multi-
market allocations with production planning and various part
miX. The proposed model aims at minimizing the total cost of
holding, inter-cell material handling, external transportation,
fixed cost for producing each part in each plant, machine and
labour salaries. It is assumed that the demands of products are
uncertainty in three scenarios: optimistic, pessimistic and
normal. Also, a robust optimization approach is then developed
to solve the proposed model and find the best solution. The
robustness and performance of the proposed model are
explained in terms of an industrial case from a typical
equipment manufacturer. This case study provides the
researchers and practitioners to better understand the
importance of designing robust optimization and cell
formation in the supply chain management from a practical
point of view. Shivhare, M., & Bansal, S. [25] discussed FMS
ensures quality product at lowest cost. Layout arrangement of
flexible manufacturing system is important to achieve high
productivity. In this paper the design of loop layout in Flexible
Manufacturing System is discussed. The objective of the loop
layout problem is to determine the order of machines around a
loop, and to minimize the automated guided vehicle
movement. Particle Swarm Optimization technique is
proposed to optimize the flexible manufacturing system
layout. This paper also discusses the movement of AGV
around the loop layout. AGV movement is considered as
bidirectional. The clearance between the machines is also
considered in the Flexible Manufacturing System loop layout
that produces result which will be optimized. Zakaria, Z., &
Petrovic, S. [26] mentioned that it involves allocation of a
limited set of resources to a number of jobs with the goal of
optimizing a given number of performance criteria over time.
As FMS environment is dynamic and unexpected events occur,
rescheduling is necessary to update an existing schedule in
response to disruptions or changes

Reddy, et. al. [27] stated that the one of best evolutionary
approach i.e., genetic algorithm with jumping genes operation
is applied in this study, to optimize AGV flow time and the
performance measures of Flexible Job shop manufacturing
system. The non-dominated sorting approach is used. Genetic
algorithm with jumping genes operator is used to evaluate the
method. Muhammad Hazfiz Fazli et al [28] stated that
exploitation of a population of particles to search for promising
regions of the search space (swarm). While each particle
randomly moves within the search space with a specified
velocity. It stores data of the best position it ever encountered.
This is known as personal best (pbest) position. Upon finishing
each iteration, the pbest position obtained by all individuals of
the swarm is communicated to all of the particles in the
population. The best value of pbest will be selected as the
global best position (Gbest) to represent the best position
within the population. Reddy, B. S. P., et. al [29] described in
this paper an attempt is made to integrate machine and vehicle
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scheduling with an objective to minimize the makespan using
Automod. Automod is a discrete event simulation package
used to model and simulate a wide variety of issues in
automated manufacturing systems. The key issues related to
the design and operation of automated guided vehicles such as
flow path layout, number of vehicles and traffic control
problems are considered in the study. Ranbir Singh et.al.[30]
stated an objective, the researchers need to reduce the
computational time and cost, complexity of the problem,
solution approach viz. general or customized, better user
friendly communication with machine, higher freedom to
select the desired objective(s) type(s) for optimal solution to
the problem. As an approach to the solution to the problem, a
researcher first needs to go for an exhaustive literature review,
where the researcher needs to find the research gaps, compare
and analyse the tools and techniques used, number of
objectives considered for optimization and need, and scope of
research for the research problem. The present study is a
review paper analysing the research gaps, approach and
techniques used, scope of new optimization techniques or any
other research, objectives considered and validation
approaches for loading problems of production planning in
FMS. Y.M Ratnam etal [31] stated that the Flexible
Manufacturing Systems (FMS) belong to class of productive
systems in which the main characteristic is the simultaneous
execution of several processes and sharing a finite set of
resource. Nowadays, the FMS must attend the demand of the
market needs for personalized products. Consequently the
product life cycle tends to be shorter and a greater variety of
products must be produced in a simultaneous manner. In this
paper, we present a Genetic Algorithm based scheduling of
Flexible manufacturing system. This work is considering
multiple objectives, i.e., minimizing the idle time of the
machine and minimizing the total penalty cost for not meeting
the deadline concurrently. Software is developed for getting
optimum sequence of operation. FMS considered in this work
has 16 CNC Machine tools for processing 43 varieties of
products. In this paper, various meta-heuristic methods are
used for solving same scheduling problems taken from the
literature. The results available for the various existing meta-
heuristic methods are compared with results obtained by GA.
After 1700 generations of GA the global optimum schedule is
obtained. J.Jerald et. al, [32] stated that he increased use of
flexible manufacturing systems (FMS) to efficiently provide
customers with diversified products has created a significant
set of operational challenges. Although extensive research has
been conducted on design and operational problems of
automated manufacturing systems, many problems remain
unsolved. In particular, the scheduling task, the control
problem during the operation, is of importance owing to the
dynamic nature of the FMS such as flexible parts, tools and
automated guided vehicle (AGV) routings. The FMS
scheduling problem has been tackled by various traditional
optimisation techniques. While these methods can give an
optimal solution to small-scale problems, they are often
inefficient when applied to larger-scale problems. In this work,
different scheduling mechanisms are designed to generate

optimum scheduling; these include non-traditional approaches
such as genetic algorithm (GA), simulated annealing (SA)
algorithm, memetic algorithm (MA) and particle swarm
algorithm (PSA) by considering multiple objectives, i.e.,
minimising the idle time of the machine and minimising the
total penalty cost for not meeting the deadline concurrently.
The memetic algorithm presented here is essentially a genetic
algorithm with an element of simulated annealing. The results
of the different optimisation algorithms (memetic algorithm,
genetic algorithm, simulated annealing, and particle swarm
algorithm) are compared and conclusions are presented. S.V
Kamble and K.S Kadam [33] stated that due to the high
complexity of Flexible Manufacturing Systems (FMS)
scheduling problem, approaches that guarantee to find the
optimal solution are feasible only for small size instance of the
problems with lot of computational effort and time. In contrast,
approaches based on meta heuristics are capable of finding
good and “near to optimal” solutions to problem instances of
realistic size, in a generally smaller computation time. This
work provided a review on the use of swarm intelligence meta
heuristics to the scheduling of flexible manufacturing problem.
The two main areas of swarm intelligence that are prominently
appeared in the literature relevant to this problems are ant
colony optimization (ACO) and particle swarm optimization
(PSO). R Kumar et.al [34], attempted scheduling problem for
flexible manufacturing systems (FMSs) the ant colony
optimization (ACO) technique. Since the operation of a job in
FMSs can be performed on more than one machine, the
scheduling of the FMS is considered as a computationally hard
problem. Ant algorithms are based on the foraging behaviour
of real ants. The article deals with the ant algorithm with
certain modifications that make it suitable for application to the
required problem. The proposed solution procedure applies a
graph-based representation technique with no demand arcs
representing operation and transfer from one stage of
processing to the other. Individual ants move from the initial
node to the node through all nodes desired to be visited. The
solution of the algorithm is a collective outcome of the solution
found by all the ants. The pheromone trail is updated after all
the ants have found out their respective solutions. Various
features like stagnation avoidance and prevention from quick
convergence have been incorporated in the proposed algorithm
so that the near-optimal solution is obtained for the FMS
scheduling problem, which is considered as a non-polynomial
(NP)-hard problem. The algorithm stabilizes to the solution in
considerably lesser computational e€ ort. Extensive
computational experiments have been carried out to study the
influence of various parameters on the system performance.
Moacir Godinho Filhor et.al [35], reviewed the literature
regarding Genetic Algorithms (GAs) applied to flexible
manufacturing system (FMS) scheduling. On the basis of this
literature review, a classification system is proposed that
encompasses 6 main dimensions: FMS type, types of resource
constraints, job description, scheduling problem, measure of
performance and solution approach. The literature review
found 40 papers, which were classified according to these
criteria. The literature was analysed using the proposed
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classification system, which provides the following results
regarding the application of GAs to FMS scheduling: (1)
combinations of GAs and other methods were relatively
important in the reviewed papers; (2) although most studies
deal with complex environments concerning both the routing
flexibility and the job complexity, only a minority of papers
simultaneously consider the variety of possible capacity
constraints on an FMS environment, including pallets and
automated guided vehicles; (3) local search is rarely used; (4)
make span is the most widely used measure of performance.

2. Result and Discussion

FMS control problems are very complex and difficult. Rather
than attempting to get the optimum solutions of the problem
formulations, research should be done on interactive
scheduling and control of FMS where there is human input in
the loop which is known as interactive scheduling. A decision
support system approach including interactive scheduling has
a lot of promise for application in the operations of FMS. There
is one such management tool that provides information as well
as suggestions to help in operating a manufacturing system.
Modern workstations provide a splendid opportunity for the
development of FMS control decision support systems using
the graphics capabilities, and underlying heuristics or rule-
based systems. FMS is different things to different researchers.
Quite often only the alternate operations aspect is emphasized.
It is time to move on to further developing comprehensive
control schemes which take care of the complex interaction
of the multiple resources in an FMS: transporters, CNC
machines, robots, tools, fixtures, pallets. This could be done
using hierarchical or hierarchical schemes. Discrete-event
simulation is another area which has the potential to make
major contributions to FMS operation. Simulation can be used
to model FMS quite comprehensively, and may be used to
evaluate control policies, heuristics, and rules. Distributed
processing makes the use of simulation feasible.

3. Conclusion

The optimization procedures developed in this paper can be
accordingly altered to any kind of flexible manufacturing
system (FMS) with a large number of components and
machines subject to multi objective functions. This technique
will also be applied for handling loading /unloading stations,
robots and AGVs.
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