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Abstract: The production of multiple types of satellites based on a common manufacturing platform
represents a permutation flowshop scheduling problem (PFSP) with complex constraints. This is a
highly complex scheduling problem, yet there is still a gap between theoretical research and practical
application, particularly in the satellite industry. Therefore, we propose a more practical method
that integrates discrete-event simulation modelling and an improved NEH algorithm to solve a
more realistic PFSP. The discrete-event simulation-based method includes the following three main
components: a flexible PFSP simulation modelling approach, an improved NEH algorithm, and an
interaction mechanism between the simulation model and the optimisation algorithm. The proposed
method allows automatic and flexible simulation modelling according to the characteristics of the
actual satellite manufacturing workshop, which determines the practical nature of the approach
proposed in this paper and then achieves excellent scheduling results based on the special interaction
mechanism. The computational results demonstrate that this is a 9.18% improvement over the initial
NEH algorithm and a 1.40% improvement over the best current improved NEH algorithm.

Keywords: discrete-event simulation; simulation modelling; satellite batch production; flowshop
scheduling; NEH algorithm; Plant Simulation

1. Introduction

With the increasing maturity of satellite technology and the rapid development of
commercial space, companies such as One Web, SpaceX, and Leosat all have plans to
build large constellations of hundreds or thousands of satellites [1], including China’s
Chang Guang satellite technology company. These include SpaceX’s Starlink constellation
program of up to 42,000 [2]. To accommodate such a large number of satellites, there has
been a tremendous deal of interest in the study of satellite batch production [3–6]. One of
the future batch challenges we face is the production of multiple types of satellites based on
a common manufacturing platform, which is a permutation flowshop scheduling problem
(PFSP) with complex constraints.

PFSPs are undoubtedly the most frequently investigated problem in scheduling the-
ory [7]. The problem can be described as follows: Each of n jobs is available at time zero and
must be processed on m machines sequentially, e.g., n satellites are to be assembled on m
machines in a generalised manufacturing platform. No machine can process more than one
job at a time, and no job pre-emptions are allowed. The sequence of m machines is fixed,
but the order of n jobs is variable. The goal of PFSPs is to find a job sequence that minimizes
makespan. PFSPs are common in many industries, such as the automotive manufacturing,
integrated circuit fabrication, petrochemical, and pharmaceutical industries [8], and is also
the constituent form of many industrial productions but has not yet been applied to satellite
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applications. It has been proven that some variants of PFSP are NP-hard problems [9].
Therefore, PFSPs have a wide range of engineering application backgrounds and high
theoretical research value.

With the depth of research and the need to solve practical problems, more variants
of PFSP are being studied, for example, multi-objective PFSPs [10], no-idle and no-wait
PFSPs [11], PFSPs with sequence-dependent setup time [12], PFSPs with limited buffers [13],
and variations and combinations of these problems [14,15]. Most studies are based on a
mathematical approach, like some new algorithm or new search method [16,17]. However,
due to the complexity and randomness of the actual environment, it is difficult to accurately
establish a mathematical model for the objective functions. With the advent of small-batch
and customised production modes, the mathematical approach of PFSPs will make it
increasingly difficult to meet future research needs. According to the published PFSP
literature, a very important phenomenon is that theoretical research on PFSPs has rarely
been applied, which indicates that there is still a considerable gap between theoretical
research and practical application in the PFSP field. The first reason for this phenomenon is
that it is difficult to describe a complex real system with mathematical models accurately.
The second reason may be that most researchers have only focussed on one particular
problem in the PFSP at a time. At present, a more pragmatic method for solving a realistic
PFSP is still lacking.

With the development of computers, discrete-event simulation technology has become
an important decision-making tool for solving various discrete-event problems [18,19].
In addition, the authenticity of discrete-event simulation is more prominent compared
to mathematical methods. For example, assessing the maturity level of Industry 4.0 [20],
determining the logistics scheduling strategies [21], determining the production layout [22],
allocating the resources in production logistics systems [23], evaluating the eco-efficiency
of railway systems [24], identifying and alleviating bottlenecks [25], rationalising the
allocation of production resources in conjunction with deep reinforcement learning [26],
evaluating fossil fuel boiler electrification for decarbonisation [27], and conducting supply
chain management research [28].

PFSPs are also a type of discrete-event problem, and there is a relatively small amount
of research that combines discrete-event simulation with scheduling [29]. NEH is one
of the most efficient algorithms for solving PFSPs, and its initials are kept in honour of
its three creators [30]. However, it has not yet been used in discrete-event simulation
optimisation. Jinping Zhou [31] suggested a flexible simulation modelling approach for
an ideal PFSP and studied the sequencing of jobs using a genetic algorithm (GA) software
package. However, he did not consider more practical constraints, and the GA did not
produce very good solutions. The literature [29] shows similarities with Jinping Zhou’s
work, which has similar problems. Ištoković et al. [32] built a simulation model of a real-
batch PFSP and solved the problem using the GA software package, despite lacking efficient
modelling procedures and optimisation algorithms. Allaoui and Artiba [33] developed a
simulation model of a hybrid PFSP with maintenance constraints and coded the simulated
annealing algorithm (SAA) in the software environment to solve this real-world problem,
demonstrating that the algorithm outperforms the classical NEH algorithm under certain
conditions. Similarly, more efficient simulation modelling methods and more efficient
algorithms are not considered in the literature [33].

Based on the above analysis, it can be concluded that the relevant studies have demon-
strated the feasibility of discrete-event simulation applied to the permutation flowshop
scheduling problem. Although it is possible to solve for a satellite flowshop based on the
method described above, the following shortcomings also exist:

(1) Only the flexible simulation modelling method for the ideal PFSP is considered
without considering more complex constraints, which lack practicality.

(2) The GA and SAA used in the literature are of lower quality, lacking more efficient
optimisation algorithms.



Appl. Sci. 2024, 14, 9755 3 of 13

This paper is mainly concerned with solving the two problems above, and the rest of
this paper is organised as follows. In Section 2, we propose the discrete-event-simulation-
based method, which can be introduced in three main components. In Section 3, compu-
tational results are presented to demonstrate the effectiveness of the proposed method
for solving PFSPs, also proving that the new heuristic outperforms the best NEH-based
heuristics reported in the literature. Section 4 presents concluding remarks.

2. Discrete-Event-Simulation-Based Method
2.1. Research Methodology

Figure 1 shows the research methodology of this paper. It uses Plant Simulation
software to integrate all the methods. This research includes two main parts: the model
and the algorithm. The model considers two kinds of constraints and achieves fully
automated modelling, which can model the constraints of real plants, such as the number of
machines, buffers, processing time, and waiting time. The algorithm proposes an improved
NEH algorithm and proves that it is superior to several currently known improved NEH
algorithms. Figure 1 shows how the approach taken in this paper differs from traditional
mathematical approaches. It uses a model with real constraints to calculate completion
times, making the results more practical. This is also the significance of using a simulation
model with optimisation.

Figure 1. Research methodology of this article.

2.2. Flexible Simulation Modelling Approach

First, we need to make a classification of all the constraints in the real workshop:
(1) Dynamic constraints: The value of this constraint changes with the dynamic

production process, for example, the processing time associated with the sequence, the time
that the workpiece is on different machines, and the varying durations that the machine
needs to process different workpieces.

(2) Static constraints: The specific value of the constraint does not change with the
dynamic production process. For example, the buffer capacity is determined in advance
according to the production needs and space size before the workshop is designed and
built, and the overall buffer capacity does not change during the production process.

According to the literature review, the sequence-dependent setup time and buffer
capacity are the most common constraints. The object-oriented programming language
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SimTalk in Plant Simulation software provides the possibility of flexible modelling. Using
some constraints as a prerequisite for modelling, using the SimTalk language to create
entities and a connection between the entities, and setting constraints to complete the PFSP
modelling can greatly simplify the modelling process. Then, a fast automated modelling
program for each of these two constraints was created in Plant Simulation software with
the pseudo-code shown in Figures 2 and 3.
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Procedure 1 Model construction（Dynamic constraints）
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   2:      Global variable m = number of machines
   3:      Global variable boolean-a = swith control of unique buffer capacity mode
   2:      Table buffer-capacity = a vector representing the capacity of each buffer
   2:  Initialize:
   2:      Clear all object in the previous model
   3:      Local integer variable i = 0, object variable obj-a = viod
   3:   Create object source in (40, 240) position of the current layer and let obj-a = source
   4:   for i = 1 to m do
   5:      if i > 1 then
   6:          Create buffer in (100*i, 200) position of the current layer and rename the buffer to BFi

   7:          if boolean-a = true then
   8:              Set BFi capacity to table buffer-capacity [i, 1]
   9:          else 
  10:             Set BFi capacity to infinity
  11:         end if
  12:         Connect BFi and Mi-1

  13:         obja = Bfi
  14:      Create machine in (100*i +40, 200) position of the current layer and rename the machine to Mi
  15:      Embed Procrdure 2 to the entrance-ctrl of Mi
  16:      Connect obja and Mi

  17:     end if
  18:  end for
  19:  Create object drain in (100*m+100, 240) position of the current layer and let obj-a = drain
  20:  Connect obja and Mi

Procedure 2 Set machine（Static constraint）
   1:  Inputs:
   2:      Global variable boolean-b = swith control of setup time mode
   3:      Global variable boolean-c = swith control of recovery time mode
   2:      Table process-time = a matrix representing the process time of each job on each machine
   3:      Table setup-time = a matrix representing the setup time of each job on each machine
   3:      Table recovery-time = a matrix representing the recovery time of each job on each machine
   2:  Definition:
   3:      Table result-table1 = a matrix recording the entry time of each job on each machine
   3:      Table result-table2 = a matrix recording the departure time of each job on each machine
   3:  When jobs are about to enter machine
   4:  i = index of current job
   5:  j = index of current machine
   6:  The process time of current job on current machine = process-time [j, i]
   7:  if boolean-b = true then
   8:      Set setup time of current machine to table setup-time [j, i]
   9:  else 
  10:     Set setup time of current machine to 0
  11: end if
  12: if boolean-c = true then
  13:     Set recovery time of current machine to table recovery-time [j, i]
  14: else 
  15:    Set recovery time of current machine to 0
  16: end if
  17: Record the entry time of current job on current machine to table result-table1 [j, i]
  18: Record the departure time of current job on current machine to table result-table2 [j, i]

Figure 2. Pseudo-codes of dynamic constraints in the simulation environment.
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Procedure 2 Set machine（Static constraint）
   1:  Inputs:
   2:      Global variable boolean-b = swith control of setup time mode
   3:      Global variable boolean-c = swith control of recovery time mode
   2:      Table process-time = a matrix representing the process time of each job on each machine
   3:      Table setup-time = a matrix representing the setup time of each job on each machine
   3:      Table recovery-time = a matrix representing the recovery time of each job on each machine
   2:  Definition:
   3:      Table result-table1 = a matrix recording the entry time of each job on each machine
   3:      Table result-table2 = a matrix recording the departure time of each job on each machine
   3:  When jobs are about to enter machine
   4:  i = index of current job
   5:  j = index of current machine
   6:  The process time of current job on current machine = process-time [j, i]
   7:  if boolean-b = true then
   8:      Set setup time of current machine to table setup-time [j, i]
   9:  else 
  10:     Set setup time of current machine to 0
  11: end if
  12: if boolean-c = true then
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Figure 3. Pseudo-codes of static constraints in the simulation environment.
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2.3. An Improved NEH Algorithm

The basic steps of the classical NEH algorithm can be described as follows:
(1) Sort the n workpieces in descending order of the average processing time of each

job on m machines to obtain an initial sequence of these n workpieces to be processed.
(2) Select the first k − 1 jobs from the initial sequence as the current sequence (k starts

at 3). Insert the ith job of the current sequence (i from k to n) into each of the k possible
positions of the current sequence to obtain a sequence of k partial jobs and calculate
the maximum completion time corresponding to these k partial sequences. The idea of
generating a sequence of k partial jobs in this step is shown in Figure 4.
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The improvement method of the NEH algorithm generally lies in two points: the
priority rule and the tie-breaking mechanism. In the reported literature, NEHLJP1 is the
most effective NEH-based algorithm, and PRLJP1 and TBLJP1 contained in NEHLJP1 have
been proven to be the best priority rule and tie-breaking mechanism, respectively. Although
we tried several new tie-breaking mechanisms, their performance never exceeded that of
TBLJP1. As a result, we simply proposed a new priority rule and used TBLJP1. The new
improved NEH algorithm presented in this paper is represented by NEHL (PRL combined
with TBLJP1).

Valid priority rules such as PRO [30], PRD [34], and PRLJP1 [8] are all based on a metric
to determine the initial job orders. These metrics can be regarded as the sum of two parts:
the mean value, which describes the overall level of the data, and the standard deviation
or skewness, which describes the degree of data chaos. According to these priority rules
and their computational results, the higher the data mean and the more chaotic the data,
the higher the job order should be. Based on this conclusion, kurtosis is introduced in this
paper to further evaluate the degree of data chaos for the first time.

Skewness and kurtosis are two indices used to describe the degree of data chaos in two
directions. Our additional computational results show that a better solution quality can be
obtained by multiplying the two together rather than adding them. Skewness and kurtosis
are only significant for sufficiently large samples. For the PFSP with fewer machines, the
statistical significance of skewness and kurtosis is not pronounced enough. Therefore, we
introduce a coefficient represented by q before the product of skewness and kurtosis and
set q = 1 when the number of machines is greater than 10; otherwise, we set q = 0.5. Then,
all jobs can be ordered by the non-increasing sum of

f = AVGi + STDi + q × abs(SKEi)× KURi (1)

where AVGi is the average processing time of job i, STDi stands for the standard deviation
of job i, abs (SKEi) represents the absolute value of the skewness of job i, and KURi stands
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for the kurtosis of job i. The parameters are defined as follows, and the pseudo-code for the
proposed algorithm is shown in Figure 5.

AVGi =
1
m

m

∑
k=1

ti,k (2)

STDi =

√
1

m − 1

m

∑
k=1

(ti,k − AVGi)
2 (3)

q =

{
0.5 m ≤ 10
1 m > 10

(4)

SKEi =

1
m ∑m

k=1(ti,k − AVGi)
3(√

1
m ∑m

k=1(ti,k − AVGi)
2

)3 (5)

KURi =

1
m ∑m

k=1(ti,k − AVGi)
4(√

1
m ∑m

k=1(ti,k − AVGi)
2

)4 (6)
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Procedure 3 Simulation optimization method 
   1:  Inputs:
   1:      table process-time, a matrix of n jobs, m machine
   2:  Definition:

 2:      U: {1...n} set of jobs ordered by decreasing total processing time value
   2:      seq: partial sequence

 2:      seq`: permutation sequence of a new placed job
 2:      Cmax: makespan
 2:      Pi, j: the process time of jobs i on machine j
 3:  for i = 1 to n do
 4:      for j = 1 to m do
 5:          Pi = sum of Pi, j

 6:      end for
 7:  end for
 8:  Sort n jobs in decreasing order of Pi, and obtain U
 9:  for i = 2 to n do
10:     seq = the first i job
11:     Move job i to k possible position in seq, thus obtaining k new seq`
12:     Calculate Cmax value of the k new seq` by running simulation model
13:     the first i job of U = the seq` with minimum makespan among k seq`
14: end for

Figure 5. Pseudo-codes of NEH algorithm under simulation environment.

2.4. Interaction Mechanism Between the Simulation Model and NEH

The NEHL algorithm proposed in Section 2.2 is encoded in a method object named
“NEH_L”. The NEH_L object is placed in the same structural layer as the simulation
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environment established in Section 2.1. The discrete-event simulation procedure is illus-
trated in Figure 6, and a PFSP simulation meta-model is shown in Figure 7. The specific
procedures and ideas of the simulation–optimisation mechanism presented in this paper
can be described as follows:

Step 1: Establish the initial model according to the number of machines, processing
time, and other initial constraints, and selectively modify the model according to the actual
situation to obtain the final simulation model.

Step 2: Arrange the jobs in descending order of the PRL metric and select the first k
jobs (starting at 3) as the current sequence. Insert the job k into the k possible slots of the
current sequence to generate k job sub-sequences. Input these k job sub-sequences into the
final simulation model.

Step 3: Run the simulation model by calling the EventController in Plant Simulation
software, and the absolute time of entry and departure of each job on each machine in the
above k job sub-sequences can be obtained, which can be used to calculate the makespan
and TBLJP1 metric of the corresponding sub-sequence. Then, select the optimal sequence
among the above k job sub-sequences by TBLJP1’s mechanism. Add k to 1 and assign the
optimal sequence to the new current sequence and enter the next loop. End the loop and
outputs the final job sequence when k = n.

In summary, the automated dynamic discrete-event modelling method enables rapid
modelling of real workshops with complex constraints, ensuring the practicality of the
proposed method. The NEH algorithm provides a near-optimal solution to the sorting
problem, ensuring the effectiveness of the proposed method.

Figure 6. Simulation–optimisation procedure.
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3. Computational Results

In this section, we confirm the effectiveness of the new priority rule and test the
performance of the new heuristic and the effectiveness of the proposed method in solving
PFSPs. The priority rules including PRO, PRLJP1, PRL, and the tie-breaking mechanism
including TBO, TBFF [35], and TBLJP1 are taken as references.

We combined different priority rules and tie-breaking mechanisms to obtain nine
combination algorithms and tested them on the VRF benchmark [36]. All algorithms were
coded in Plant Simulation 14.0 and ran on a CPU i3-7100 computer with 4.00G memory.
As the time required to solve large-scale examples was much longer than we expected
and the demands on the computer’s performance were very high, we only calculated
the first 37 instances of the VRF benchmark. This is also sufficient for justifying our
conclusion, as it is unlikely that a practical production workshop would have more than
500 different products.

To measure the solution quality of each algorithm, the relative percentage deviation
(RPD) is employed as the performance measure:

RPD =
Cmaxp − UBp

UBp
× 100% (7)

where Cmaxp represents the value obtained via heuristics on problem instance p, and UBp
is the upper bound provided by the VRF benchmark.

Table 1 shows the RPD values of nine algorithms on the VRF benchmark. As shown
in Table 1, the average RPD values of the nine algorithms are 3.92, 3.76, 3.70, 3.80, 3.67,
3.61, 3.76, 3.69, and 3.56, respectively. The newly proposed algorithm NEHL (PRL with
TBLJP1) outperforms all existing algorithms with an RPD value of 3.56, achieving the best
on 10/37 problems of the VRF benchmark. The new priority rule PRL achieves the best on
18/37 problems compared to PRO and PRLJP1. Only comparing the NEHL and NEHLJP1
algorithms, the average RPD values of the two algorithms are 3.56 and 3.61, respectively,
achieving the best results on 27/37 problems and 15/37 problems, respectively.
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Table 1. RPD values of each heuristic on VRF benchmark.

PRO PRLJP1 PRL

TBO TBFF TBLJP1 TBO TBFF TBLJP1 TBO TBFF TBLJP1

10*5 2.18 2.47 2.09 1.51 1.69 1.39 1.51 1.47 1.39
10*10 1.91 2.15 1.74 1.58 2.02 1.69 1.58 2.02 1.69
10*15 1.53 1.31 1.51 2.27 2.22 2.33 2.14 2.13 2.14
10*20 1.99 1.99 1.97 1.62 1.76 1.78 1.62 1.76 1.78
20*5 1.51 1.31 1.84 2.82 2.7 2.35 2.77 2.65 2.35
20*10 4.82 4.79 3.81 4.8 5.05 4.59 4.8 5.05 4.59
20*15 4.33 4.04 4.08 3.89 3.74 3.62 3.39 3.29 3.38
20*20 4.12 3.9 4 3.51 3.38 3.59 3.5 3.2 3.47
30*5 1.43 1.22 1.3 1.54 0.9 1.67 1.55 0.96 1.81
30*10 5.26 5.44 5 4.73 4.59 4.69 4.71 4.66 4.62
30*15 5.83 5.32 5.73 5.24 5.26 4.9 5.51 5.21 4.77
30*20 5.41 5.3 5.32 5.57 5.31 5.23 5.3 5.38 5.08
40*5 1.09 0.72 0.99 0.93 0.81 1.04 0.82 0.77 0.89
40*10 4.97 4.38 4.52 4.13 4.1 4.25 4.79 4.41 4.15
40*15 6.05 5.54 5.95 5.74 5.73 5.23 5.77 5.83 5.54
40*20 5.14 5.25 4.86 5.38 5.23 5.34 4.7 5.23 4.92
50*5 0.55 0.59 0.75 0.8 0.72 0.66 0.87 0.82 0.63
50*10 4.58 4.62 3.78 4.26 4.02 3.38 4.53 4.11 4.08
50*15 6.52 6.2 6.16 6.21 6.3 6.01 6.21 6.48 5.5
50*20 5.96 6.2 5.8 5.7 5.74 5.51 5.78 5.63 5.67
60*5 0.89 0.86 0.86 0.55 0.54 0.63 0.44 0.55 0.74
60*10 3.96 4.03 4.05 4.39 3.64 3.61 4.01 3.8 3.88
60*15 5.79 5.15 5.7 5.95 5.62 5.85 5.91 5.39 5.63
60*20 6.45 6.5 6.09 6.57 6.13 6.24 5.83 6.09 5.67

100*20 5.71 5.67 5.12 5.44 5.29 5.55 5.62 5.56 5.34
100*40 5.47 5.07 5.2 5.25 5.31 5.32 5.37 5.36 5.16
100*60 4.95 4.77 4.85 4.7 4.67 4.5 4.68 4.88 4.75
200*20 4.23 4.04 3.87 4.13 4.06 3.92 4.17 3.78 3.79
200*40 4.71 4.53 4.56 4.56 4.3 4.29 4.67 4.45 4.49
200*60 4.55 4.24 4.37 4.45 4.18 4.2 4.49 4.3 4.28
300*20 3 2.88 2.64 3 2.72 2.5 2.9 2.9 2.49
300*40 4.08 3.79 3.86 3.97 3.68 3.6 3.88 3.84 3.52
300*60 3.93 3.94 3.83 3.85 3.73 3.9 3.89 3.92 3.62
400*20 2.56 2.22 2.17 2.44 2.14 2.22 2.36 2.06 2.09
400*40 3.66 3.43 3.21 3.57 3.35 3.17 3.53 3.37 3.08
400*60 3.56 3.45 3.34 3.36 3.25 3.23 3.46 3.23 3.08
500*20 2.27 1.87 1.78 2 1.86 1.67 2.14 1.87 1.75
AVG 3.92 3.76 3.7 3.8 3.67 3.61 3.76 3.69 3.56

The bold numbers are the best RPD value for each problem.

As shown in Table 1, in the columns of TBO, the priority rules PRO and PRLJP1 and
the new rule PRL achieve 3.92, 3.80, and 3.76, respectively. Similarly, the effectiveness
of each priority rule can be determined by comparing each sub-column. By using the
new PRL priority rule, the performance of TBO and TBLJP1 is significantly improved
compared to the other priority rules, PRO and PRLJP1. This is a 9.18% improvement over
the initial NEH algorithm [30] and a 1.40% improvement over the best current improved
NEH algorithm [8].

To further compare the computational efficiency of nine algorithms, the average CPU
time (ACT) is employed as a measure:

ACTp =
∑∀j CPUj,p

J
(8)

where CPUj,p represents the computation time on instance j by heuristic p, and J is the total
number of instances.
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As shown in Table 2, the computational efficiency of the nine algorithms in our solu-
tion framework is very slow, which differs greatly from the results in other literature using
mathematical methods. The reason is that in the literature, the ACT time almost exclusively
depends on the algorithm’s complexity. However, in the discrete-event-simulation-based
method presented in this paper, the total complexity is composed of the simulation model’s
complexity and the algorithm’s complexity, while the simulation model complexity ac-
counts for the majority. There are two reasons why the simulation model complexity
dominates: The software’s simulation strategy is based on the process interaction method,
which deals with the change and continuation of all states of each event point along the
whole time axis. The programming environment of this software has no array or matrix, so
data access and processing can only be achieved through tables.

Table 2. ACT time of each heuristic on VRF benchmark.

Tie-Breaking PRO PRLJP1 PRL

TBO 1555.15 1565.20 1577.75
TBFF 1615.86 1623.12 1635.08

TBLJP1 1562.80 1574.15 1575.48
Mean 1577.94 1587.49 1596.1

To compare the comprehensive performance of each heuristic, the figures of RPD vs.
ACT are also given, as shown in Figure 8, which shows that NEHL has the best solution
quality but relatively moderate computational efficiency among the nine algorithms. It is
worth noting that the average computation time of the nine algorithms is always of the
same magnitude on the VRF benchmark.
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4. Conclusions

This paper proposes a discrete-event-simulation-based method for batch production
of multiple satellite models based on a common manufacturing platform, which is a
practical PFSP. We combine the advantages of discrete-event simulation modelling and
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heuristic algorithms and propose a more practical method, including a flexible modelling
methodology for the PFSP simulation meta-model and an improved NEH algorithm. The
computational results demonstrate that the new heuristic outperforms the best NEH-
based heuristics reported in the literature in terms of solution quality, and this is a 9.18%
improvement over the initial NEH algorithm and a 1.40% improvement over the best
current improved NEH algorithm. This means that a better and more practical approach is
proposed for the problem of satellite batch production in the flowshop. Furthermore, this
approach is generally applicable to similar flowshop problems in other fields.

The main difference between our method and the traditional mathematical method
lies in the innovative calculation approach of related objective functions. The reported
literature on NEH-based algorithms uses a mathematical model to perform calculations,
but this paper collects and processes data by running a simulation model. Secondly, the
simulation model is simple to reconstruct, so it is ready to add or change various constraints
according to an actual problem. Under these constraints, running the simulation model
can easily obtain various production data, such as makespan and total flow time, which
are difficult to achieve with traditional mathematical methods. In addition, the simulation
model is straightforward to use and maintain because of the object-oriented nature of
the simulation meta-model, so the ordinary worker can use software packages developed
based on this method after simple training.

Although this paper proposes a more pragmatic approach, we have not been able
to provide a more robust case study due to the pace of batch production planning. The
limitations of the algorithms and models in this paper also lie in the fact that the com-
putation time is too long compared to mathematical methods. Therefore, this method is
currently not applicable to optimisation scenarios with high real-time requirements. How
to improve the speed of optimisation by combining simulations and algorithms is also one
of the important problems that needs to be solved in the future.
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