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Abstract The study of permutation flow shop scheduling issues has proved fascinating. Make span reduction has
been explored extensively throughout the years as one of the many factors. If there are more than two machines,
finding a schedule that optimizes total completion times for Permutation Flow Shop issues is NP Hard. The wellknown Nawaz–Enscore–Ham (NEH) heuristic is acknowledged as the top performing approach for the permutation
flow shop scheduling issue till now, according to the make span minimization criteria. For large-scale problems,
however, the NEH approach takes a long time to discover an estimated optimum solution. Many researchers have
offered heuristics and meta-heuristics as the time it takes to compute grows exponentially in proportion to the size of
the problem. For the permutation flow shop scheduling problem, we proposed a genetic algorithm with the criterion
of minimizing make span as the criteria. The method's performance is compared to that of the well-known NEH
algorithm. Computational experiments on benchmark data sets revealed that the proposed approach produces
satisfactory solutions in short computational cycles. Furthermore, it just requires a few user-defined parameters,
making it relevant to real-world flow shop scheduling challenges. The findings reveal that, when compared to an
exact technique, the proposed genetic algorithm (GA) is capable of rapidly seeking optimal solutions for most smallsized instances. Furthermore, the proposed GA continues to function satisfactorily for medium and large-scale
instances and generates solutions in a reasonable period.
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1. Introduction
The permutation flow shop scheduling problem (PFSP)
has received a lot of attention in the literature and has a lot
of practical applications in manufacturing and service
systems. n tasks are performed on m machines in the same
sequence in typical permutation flow shop scheduling
issues. The goal is to determine the optimum order in
which jobs should be processed. The make span is often
specified as the goal function. Other performance
parameters used in the literature include flow time,
earliness, lateness, tardiness, and so on [1]. Pinedo [2]
describes the subject in depth and proposes a
categorization approach for PFSP extensions and
variations. Wagner [3] proposes preliminary approaches
and mathematical models for job shop and PFSP solutions.
Baker [4], Stafford [5], Wilson [6], and Manne [7] are
some of the other scholars that propose mathematical
models. PFSP is an NP-hard issue for three or more
machines, according to Rinnooy Kan [8]. To overcome the

challenge, a variety of heuristics and meta-heuristics have
been developed. The two basic kinds of PFSP heuristics
are constructive and improvement heuristics. Nawaz et al.
[9] introduced the NEH algorithm as an example of
constructive approaches. Palmer [10] and Campbell et al.
[11] have shown various constructive algorithms. The
NEH heuristic is considered the best constructive heuristic
for solving PFSP by Dong et al. [12] and Li et al. [13].
A case study was conducted by Rizkya et al. [14] at a
furniture manufacturing firm. The company used to
schedule production utilizing the First Come First Serve
(FCFS) scheduling mechanism. To reduce the make span,
they used the standard NEH method to decide the
production sequence. The results were then compared to
the FCFS scheduling scheme. The time necessary to finish
all orders (make span) was less with the NEH algorithm
than with the FCFS approach, according to the findings of
production scheduling using the NEH algorithm.
To improve the scheduling of a permutation flow shop,
Baskar [15] suggested seven variations of the NEH
method. The variations were created by altering the
original partial series. The 120 cases suggested by Taillard
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were utilized to test the algorithms' validity. Except for
two, the jobs were initially ordered in non-increasing
order in terms of overall processing time. The average
percentage increase in make-up from the known
maximum limits was less than 4% in all circumstances,
which is better than many other basic heuristics. Simply
changing the beginning partial sequence increased the
make span in three methods. Other partial sequences, in
addition to using the first two tasks as the first partial
sequence, gave better outcomes than the original NEH
approach. The job insertion approach is the most
successful portion of the NEH algorithm, followed by the
first arrangement of jobs in their entire processing times in
a non-increasing sequence. Three of the seven algorithms
evaluated in this research are simpler variations of the
NEH with the same degree of complexity, but they
generated superior results.
P. Bhatt [16] employed two strategies, NEH and
Simulated Annealing (SA), to solve PFSPs singly and in
combination. She evaluated the NEH and SA algorithms,
as well as the combined algorithm, against the current
ones, based on outcome and execution time. Standard
benchmarks were used to assess the efficiency of the
developed method. The initial comparison revealed that
the more iterations performed, the better the result.
Y. Jin et al. [17] improved the NEH algorithm's
performance in solving PFSPs. A new priority criterion
that accounts for the average and mean absolute variance
was also presented to adequately explain the distribution
style of processing times. A new tie-breaking rule was
also designed to enable efficient task insertion with the
purpose of minimizing both make span and machine idle
time. Statistical studies revealed that the suggested
approach is more efficient than current benchmark
heuristics. Calculating two objectives relating the
calculation timings of each heuristic required more
computing time than the single criteria of make span. The
results of the tests utilizing the tie-breaking rule revealed
that it outperformed the others. There are significant
differences between this rule with the other four NEH tiebreaking rules.
To overcome the problem, meta-heuristic algorithms
have been studied. Genetic algorithm (GA), SA [18], tabu
search (TS) [19], and ant colony optimization (ACO)[20]
are examples of meta-heuristic-based approaches. Also,
for improving heuristics, the iterated local search (ILS)
approach [21] is an excellent example. ILS is a basic yet
effective metaheuristic with methods for avoiding local
minima and maxima. The perturbation process, which is
the most well-known method for jumping to a new restart
place, is one of these processes.
The phrase "genetics" is a biological word. Biologically,
the genes of a successful parent produce healthier
offspring. The same definition underlies the development
of GA. In general, a population of structures to apply GA
to a problem defines the problem's solution space, with
each structure representing a potential solution to the
problem. Each structure has a fitness characteristic
connected with it. A specified number of structures are
then chosen to constitute the initial generation. Simple
genetic operators are applied on the parent structures
from the current generation to create the next-generation

structures. According to the theory that "successful
parents create superior children," a structure with a higher
fitness value in the present generation has a better chance
of being chosen as a parent. This concept may be used to
quickly determine the optimal PFSP sequences.
To solve a ten machine PFSP, Noorul Haq et al. [22]
employed a feed-forward back-propagation artificial
neural network (ANN) based GA. The trained network
was subsequently applied to an issue involving a larger
number of jobs. The network was taught to solve tasks in
five, six, and optimal sequences with seven tasks. This
well-trained network was subsequently applied to a
problem involving a larger number of workers. From the
random insertion disturbance methodology, the sequence
acquired using the neural network was employed to
generate the GA starting population (RIPS). The
magnitude of the sequence acquired using this approach
(ANN-GA-RIPS) was compared to that acquired using
GA from a randomly selected population. Five 20-job and
50-job problems were addressed, with the number of
machines being constant at 10, and their dependability
compared to make span values. It was discovered that the
ANN-GA-RIPS approach performed better than ANN-GA
when starting with a random population. The results were
compared to those produced utilizing Taillard's
benchmark problems of NEH's heuristic and upper bounds.
The ANN-GA-RIPS heuristic outperformed the NEH
heuristic, with the results falling within 5% of the upper
boundaries.
To reduce the make span in a permutation flow shop, R.
Robert et al. [23] designed an efficient genetic algorithm
(EGA). The suggested approach was put to the test using a
number of well-known issues from the literature. EGA is a
simple and efficient algorithm for solving single and
multi-objective problems in the flow shop. The EGA
resolution result was compared to current study findings.
The results reveal that the anticipated EGA outperforms
NPFS-ACO algorithms in finding the flow shop
scheduling issue using the make span criteria, with an
average improvement of 1.42 percent. The generated EGA
was found to be exceptionally abundant, suited for twenty
tasks with five machine drawbacks, and yielding seven
higher outcomes from ten EGA samples. As a result of
this change, two distinct meta-heuristic methods for
classifying explicitly real coded genetic algorithm (RCGA)
and EGA flow shop planning issues were developed.
When compared to RCGA, however, EGA performed
admirably.
Widyawati and G Waliadi [24] developed a GA and
applied it in a manufacturing firm that makes steam
turbine parts for power plants. Because the firm was
receiving huge orders, the scheduling procedure was
becoming increasingly crucial. To overcome this difficulty,
the authors created an algorithm and used it to try to
discover the best sequences. After computing the make
span using the algorithm's sequence, it was discovered that
the make span time with 5 jobs and 6 operations was 53
days, which was a significant improvement over the
previous result.
In this paper, the concepts of GAs will be applied to the
solutions of n-jobs, m-machines flow shop scheduling
problems with make span (Cmax) as the criterion. Then
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the result will be compared with Taillards instances to
check its effectiveness.

3

tasks cannot be processed concurrently at the same
machine.
N

CTk , j ≥ CTk −1, j + ∑ X s,k TPsj ∀j; k =2, …, N

2. Problem Definition
In this example of a permutation flow shop, N jobs are
to be processed consecutively on M machines and the
order of jobs on every machine remains the same. The
objective is to minimize the make span by finding an
optimal sequence. The problem can be categorized as
Fm|prmu|Cmax, where F represents an m machine flow
shop, prmu stands for permutation, and Cmax, represent
make span of the PFSP.
The following assumptions are considered in this study:
1. All jobs are available for processing at time 0.
2. Each job can only be processed on one machine and
each machine can process only one job at a time.
3. No preemption is allowed, i.e., once the processing
of a job has started, it must be completed without
interruption.
4. Only permutation schedules are considered here,
i.e., all jobs have the same processing order on all
machines.

2.1. Mathematical Formulation
The following notations are applied to formulate the
mathematical model and proposed algorithm
Parameters,
CT is the total make span
N
is the number of jobs
M
is the number of machines
𝑠𝑠
is the index of number of jobs, 𝑠𝑠 = 1,2,3, … . , 𝑁𝑁
𝑖𝑖
is the job to be processed
𝑗𝑗
represents the machine to process the jobs
𝑘𝑘
represents the position of job
𝐶𝐶𝐶𝐶𝑘𝑘,𝑗𝑗 is the time of end of processing
𝑇𝑇𝑇𝑇𝑠𝑠𝑠𝑠 is the time of processing by job i in machine j
Decision Variable:
𝑋𝑋𝑖𝑖𝑖𝑖 1, if task i is in position k
0 otherwise.
The objective function of the model expressed by,

Minimize C NM

(1)

Equation (1) is about finding the best sequence of 𝑁𝑁𝑁𝑁
to find the lowest make span. However, the objective
function is subjected to a few constraints, which are
described below.

∑X ik = 1∀k

(4)

s =1

(2)

Equation (4) shows that for a scheduled job to be
processed in machine j, from the second order of
sequencing, it must present a make span greater than or
equal to the make span of a task placed earlier on the same
machine j, plus the processing time of the same job on
resource j.
N

CTk , j ≥ CTk , j −1 + ∑ X s,k TPsj + ∀j; j =2, …, M

(5)

s =1

Equation (5) represents that the make span of the job of
order k on machine j is greater than or equal to the make
span of the same job on machine j-1 plus the sum of the
products of the binary variable 𝑋𝑋𝑋𝑋, 𝑘𝑘 and the processing
times 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇.
N

CT1, j ≥ CT1, j −1 + ∑ X s,1TPs, j ; j = 2, …, M

(6)

s =1

Equation (5) presents the constraint that the make span
of such task is greater than or equal to the make span of
the job placed in the sequence 1 of the production
scheduling, at machine j-1, plus the sum of the products of
the binary variable 𝑋𝑋𝑋𝑋, 1 and the processing times 𝑇𝑇𝑇𝑇𝑇𝑇, 𝑗𝑗.
N

CT1,1 ≥ ∑ X s ,1TPs , j

(7)

s =1

Equation (7) shows that the make span of this task must
be greater than or equal to the sum of the products of the
binary variable (X1,1, X2,1, X3,1, X4,1) and the processing
times (TP1,1, TP2,1, TP3,1, TP4,1).

CTk , j ≥ CTk −1, j +1; k =…
1, , N ; j =…
1, , M − 1

(8)

Equation (8) shows that the make span sequenced in the
order k on machine j must be greater than or equal to the
make span sequenced in the order k-1 on machine j +1,
starting from the order of sequence 1 on machine 1.

CTk , j ≥ 0 ∀k , ∀j

(9)

Finally, Equation 9 represents the non-negativity of the
model.

3. Proposed Genetic Algorithm

i

∑X ik = 1∀k

(3)

k

Equations (2) and (3) represents a discrete optimization
problem involving the decision between two alternatives,
that is, if a job is processed at a given machine, the other

As in the GA, the evolutionary portion is carried out
using chromosome selection, crossover, and mutation
operations as per the following algorithm. The genetic
algorithm is depicted in Figure 1 as a flow map, with
every chromosome representing a solution determined by
a representation mechanism.
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Figure 1. The flowchart of the proposed genetic algorithm

Genetic algorithm:
Start
Step 1: Read problem instance data
Step 2: Set GA parameters
Step 3: Generate first individual by NEH algorithm and
Population size (Popsize) -1 randomly an initial population
Step 4: For Generation =1 to Maximum Generation
Step 5: Evaluate fitness of the individuals of population
Step 6: Select parent from the population
Step 7: Apply GA operators (crossover (two-point
crossover) and mutation (Swap))
Step 8: Create new population
Step 9: Apply repair process for constraint violation
Step 10: Replace the current with the new generation
Step 11: Stopping Criteria met
Step 12: Otherwise go to step 5
End

4. Results and Experimental Analysis
As a result, rather than comparing the proposed GA to
any known algorithms, an explicit approach is used. This
section is divided into two subsections: parameter
standardizations and experimental result and discussions.

4.1. Parameter Standardization
Subsequently the efficiency of a meta(heuristic) is
dependent on its parameters (K. Wang et al., 2015), tuning
the main parameters of GA, like the Tournament size(Tsize),
size of populations (Popsize), generations number (Gen),
probability of crossover (Pc), and probability of mutation
(Pm) is essential. As compared to the classic full factorial

experimental design, Taguchi's design of experiment
method (Nair, 1992) significantly decreases the number of
experiments expected, and is thus used to standardize the
parameters of the proposed GA.
Table 1. Parameters and their Levels in the proposed GA algorithm
Parameters
Number of generations
Tournament size
Probability of Crossover
Probability of Mutation
Population size

1
20
5
0.09
0.04
25

Levels
2
3
30
40
10
15
0.10
0.11
0.05
0.06
50
75

4
50
20
0.12
0.07
100

Table 2. Orthogonal Array L16 (45)
Trial
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16

Gen
1
1
1
1
2
2
2
2
3
3
3
3
4
4
4
4

Tsize
1
2
3
4
1
2
3
4
1
2
3
4
1
2
3
4

Parameters
Pc
Pm
1
1
2
2
3
3
4
4
2
3
1
4
4
1
3
2
3
4
4
3
1
2
2
1
4
2
3
1
2
4
1
3

Popsize
1
2
3
4
4
3
2
1
2
1
4
3
3
4
1
2

Objective value
1100
1137
1201
1227
1278
1608
2334
2730
3156
4062
5527
5904
6649
11092
12023
27438
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Main Effects Plot for Objective value
Data Means

16000

Number of generations
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Mutation rate
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14000
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Figure 2. The value of Objective for each parameter level of GA

Since there are five parameters, each of which has four
stages seen in Table 1 and a total of 45 = 1024 experiments
must be required to be performed within the maximum
factorial experimental framework. The Taguchi technique,
on the other hand, solely examines 16 variations of factor
levels based on the orthogonal array L16(45) seen in
Table 2. To evaluate an appropriate GA parameter
configuration, each combination algorithm is run ten times
independently to ensure that the parameters are correct.
GA runs ten times with a specific parameter configuration
for this set of samples, and the stopping criteria for each
run is close to the maximum number of fitness evaluations.
After that, objective value is collected as an efficiency
indicator. The inclination of every parameter is showed in
Figure 2 in accordance with the Taguchi experimental
findings. The x-axis in this diagram represents the primary
GA parameters that need to be adjusted, while the y-axis
represents the average objective value for every level of
parameter. The subsequent parameter of GA could offer
satisfactory results: Gen = 20, Tournament size = 5,
Pc = 0.12, Pm = 0.05 and Popsize =75.
Table 3. The value of response and significance rank for GA
Level
1
2
3
4
Delta
Rank

Gen
1166
1988
4662
14301
13134
1

Tsize
3046
4475
5271
9325
6279
2

Pc
5086
4545
3568
8918
5350
3

Pm
5108
4011
8495
4504
4484
4

Popsize
4979
8516
3841
4781
4676
5

Table 3 shows the value of response and rank of every
parameter for every stage based on objective values. This
table also displays each parameter's delta values, is the
gap in between the highest and lowest average values of
response for every element. Number of generation (Gen),
for example, has a delta value of 13134 (= 14301- 1166)
in Table 3. It is critical to recognize that a parameter with
a higher delta value is more significant than another. The
Number of generation (Gen) is the most critical parameter
for the proposed genetic algorithm, according to the delta

value in Table 3, while the Popsize is the least important
parameter. To check the parameters, twelve instances
were chosen, from Taillard’s benchmark data information
of permutation flow shops. Wherever the stopping criteria
of every run is set to the generation (Gen) number; it will
stop once the number of recent generations reaches the
maximum generation (Gen) number.

4.2. Result and Discussions
This section describes computational experiments
carried out to investigate the performance of the genetic
algorithm. The algorithms are coded in Python and run in
an i5 PC with 4 GB RAM. For validating the algorithms,
out of the 120 numbers of Taillard (1993) benchmark
instances 12 have been used. They are grouped into
varying sizes having 20, 50, 100, 200 and 500 jobs and 5,
10 and 20 machines. The following figures illustrate the
progress of the algorithms. Table 4 represents the make
span for different algorithms using Taillard’s problem sets,
Table 5, Table 6, Table 7, and Table 8 represents total
make span and sequence obtained using GA varying
number of jobs of same number of machines which is
taken 5 machines as a sample.
Table 4. Make span for different algorithms using Taillard’s
problem sets
No. of
Jobs (n)
20
20
20
50
50
50
100
100
100
200
200
200

No. of
m/c (m)
5
10
20
5
10
20
5
10
20
5
10
20

Exact solution
(CPLEX)
1286

NEH
(Heuristic)
1286.0
1680.0
2410.0
2733.0
3135.0
4082.0
5519.0
5846.0
6541.0
10942.0
11594.0
26670.0

GA
(Metaheuristic)
1286
1608
2334
2730
3156
4062
5527
5904
6649
11092
12023
27438
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Comparison of makespan generated by CPLEX, NEH & GA
1500
1000
500
0
CPLEX

NEH

GA

Total Makespan, Cnm (min)
Figure 3. Total make span using CPLEX, NEH & GA for a 20×5 flow shop

4.2.1. Result Analysis
From Table 4 it can be observed that, firstly an exact
solution in terms of total make span was calculated
using CPLEX. The objective value shows that exact
method (CPLEX) generates exactly same solutions
as GA which indicates the validation of the proposed
GA. But for such complex problem at hand the
commercial software CPLEX could not give any feasible
solution with the increased number of variables even
for a moderate size of instances. The proposed GA, on the
other hand, finds high-quality solutions for medium
and large-scale problems in a short amount of time. Then,
for the same problem set the make span was calculated
using NEH. The make span using NEH & GA turned out

to be same as like the exact solution. The comparison is
illustrated in Figure 3. This indicates the feasibility of this
research.
In the next step, make span was calculated for 11 other
problem sets using NEH & GA. For small size flow shop
problems like 20×5, 20×20 & medium size flow shop
problems like 50×5 & 50×20, the make span using GA
was much lower than the make span of NEH algorithm.
So, it can be said that the job sequence obtained using the
GA developed in this research is better than the sequences
obtained using NEH for small and medium size flow shop
problems. But for large flow shop problems where,
100,200 or 500 jobs are used, the make span increased for
GA than the conventional NEH.

Table 5. Total make span and sequence obtained using GA 20×5 instance
n×m

Parameters
No. of generations
Tournament Size
20×5
Crossover Rate
Mutation Rate
Population Size
Best job Sequence by GA
Total Make span, CNM

Values
20
5
0.12
0.05
75
[8, 14, 5, 16, 4, 2, 3, 12, 7, 18, 0, 15, 17, 6, 10, 1, 13, 9, 19, 11]
1278
Table 6. Total make span and sequence obtained using GA 50×5 instance

n×m

50×5

Parameters
No. of generations
Tournament Size
Crossover Rate
Mutation Rate
Population Size

Best job Sequence by GA
Total Makespan, CNM

Values
20
5
0.12
0.05
75
[40, 29, 4, 31, 38, 49, 7, 30, 26, 48, 2, 12, 16, 0, 28, 33, 19, 15, 39, 44, 10, 25, 37, 23, 3, 43, 6,
45, 1, 5, 47, 41, 24, 9, 27, 17, 14, 20, 11, 42, 8, 46, 21, 13, 34, 36, 32, 22, 18, 35]
3730

Table 7. Total make span and sequence obtained using GA 100×5 instance
n×m

100×5

Parameters
No. of generations
Tournament Size
Crossover Rate
Mutation Rate
Population Size

Best job Sequence by GA
Total Make span, CNM

Values
20
5
0.12
0.05
75
[89, 41, 30, 55, 39, 18, 77, 26, 82, 57, 72, 59, 61, 68, 31, 24, 70, 14, 10, 95, 21, 40, 35, 78, 73, 4, 98,
92, 64, 71, 62, 76, 33, 12, 66, 48, 58, 3, 28, 63, 69, 45, 94, 38, 80, 85, 43, 17, 86, 44, 67, 23, 34, 27,
15, 25, 51, 84, 6, 99, 11, 2, 65, 19, 47, 42, 50, 97, 9, 74, 7, 37, 60, 75, 1, 90, 79, 22, 5, 8, 56, 36, 81,
52, 96, 91, 83, 20, 32, 29, 54, 13, 53, 16, 49, 0, 93, 46, 88, 87]
5527

American Journal of Industrial Engineering

7

Table 8. Total make span and sequence obtained using GA 200×5 instance
n×m

200×5

Parameters
No. of generations
Tournament Size
Crossover Rate
Mutation Rate
Population Size

Best job Sequence by GA

Total Make span, CNM

Values
20
5
0.12
0.05
75
[43, 70, 36, 27, 153, 73, 93, 109, 194, 116, 86, 114, 72, 103, 159, 152, 172, 29, 192, 74, 175, 195,
67, 35, 89, 58, 161, 158, 144, 96, 141, 56, 193, 105, 131, 47, 178, 171, 0, 99, 162, 199, 196, 87,
165, 135, 170, 133, 104, 11, 164, 37, 157, 191, 24, 6, 143, 139, 184, 197, 46, 53, 92, 112, 12, 163,
59, 110, 151, 10, 85, 149, 189, 176, 174, 145, 173, 68, 71, 183, 160, 79, 130, 1, 22, 106, 57, 76,
13, 119, 138, 81, 188, 19, 65, 60, 136, 108, 94, 55, 180, 28, 126, 185, 25, 181, 83, 148, 190, 21,
82, 101, 111, 39, 41, 132, 5, 2, 66, 44, 33, 31, 129, 125, 123, 52, 18, 100, 134, 167, 120, 30, 84,
179, 187, 78, 168, 124, 150, 155, 88, 95, 117, 154, 137, 61, 48, 169, 147, 107, 77, 32, 140, 4, 26,
69, 182, 186, 40, 90, 142, 127, 118, 122, 20, 63, 75, 115, 17, 34, 97, 146, 128, 42, 9, 16, 45, 113,
80, 121, 8, 98, 166, 62, 64, 102, 14, 177, 49, 50, 23, 3, 7, 54, 156, 51, 38, 91, 15, 198]
11092

In Table 5, Table 6, Table 7 and Table 8 the obtained
sequences and the make span using the sequences are
represented for the 4 set of flow shop problems. The
number of generations, total population, crossover rate,
tournament size and mutation rate were the same for all
the 12 instances shown in Table 4. As in the PFSP the job
sequence is same for all the machines, the sequence for
individual machines is not exhibited in the table.

5. Conclusion
The goal of this thesis is to use a metaheuristic strategy
to reduce the overall make span for PFSP, which can
outperform NEH. Initially, the issues with the existing
algorithms were outlined. After that, a comprehensive
literature review was conducted by reading PFSP-related
articles. A genetic algorithm was written in Python after a
mathematical model was developed. The method was put
to the test on 12 different Taillard benchmark tasks. The
optimal sequence and total make span were then
calculated utilizing the GA that had been constructed. The
NEH make span was also calculated. To validate the result
of proposed genetic algorithm, it was also programmed in
CPLEX. The obtained results using GA was then
compared with NEH and the exact solution.
The experimental results were pleasing. The comparison
showed that the algorithm performed well and can
minimize the make span for small and medium size flow
shop problems.

6. Future Recommendations
Figure 4. Convergence of GA

Figure 4 illustrates the convergence of GA. As the
number of generations increases the total make span starts
to go downward. At a point, the make span stops to go
down for few generations, which can be denoted as the
local optima. Then again when the number of generations
increases more, the make span again starts to go down. At
some point the make span totally stops to decrease and get
fixed at that point, even if the no of generations keeps
increasing. This point indicates the global optima, and
this phenomenon is called the convergence of GA.
In this figure, for a 20 job 5 machine flow shop the
lowest possibly make span found was 1286 min, in 15
generations.
As we know the NEH is the strongest heuristic for
solving PFSP till date, the make span for large flow shops
could not be minimized using the GA. But we were able
to minimize the make span for small and medium size
flow shops. Therefore, from the analysis it is found that
results obtained applying the proposed approach is more
suitable under considered situation.

Although the outcome of this work is satisfactory, there
are several areas where it may be improved in the future.
For small and medium-sized flow shops, the GA described
in this work was able to reduce make span, but it is not
appropriate for large flow shops. A hybrid metaheuristic
may be built to handle this problem by combining GA
with other metaheuristics such as the Ant Colony method,
Simulated Annealing (SA), Variable Neighborhood
Search (VNS), and so on. By hybridizing, the best
mutation parents can be discovered, and the GA's
performance can be improved.
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