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 Manufacturing System (MS) sizing is a crucial task to complete in order to obtain the 
desired MS performance and efficiency. It involves selecting the required number of 
resources from each used type in a given planning horizon. In fact, different approaches 
coupling simulation/optimization tools have been developed to solve this issue and evaluate 
the MS performance.  One of these approaches is the Simulation Expert System Approach 
(SESA). Unfortunately, the application domain of this approach is limited in sizing only the 
production resources (machines and labor) but neglects the material handling system 
(MHS) components. Moreover, omitting the transferring problem is not viable in the real 
world due to its importance in each shop floor.  Thus, the aim of this paper is to describe 
the evolution of SESA, then, to check if the simulation optimization tools used in SESA are 
still relevant. This paper also investigates the importance of incorporating MHS in this 
approach and finally proposes some improvement opportunities for SESA including the 
tackling of the MHS fleet sizing problem. In fact, the wide literature review performed in 
this research indicates that SESA is still a pertinent approach but it must be improved. 
Therefore, it is expected that SESA improvement opportunities proposed in this work will 
greatly assist industrialists in enhancing the overall MS performance, providing a 
significant productivity increase and a minimization of the total production costs. 
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1. Introduction 

     This paper is an extension of a work presented in the 6th IEEE 
International Conference on Advanced Logistics and Transport 
(ICALT) [1]. 

     Due to intense competitivity in the industrial sector and to 
demand fluctuation, companies need to ensure better performance 
of their Manufacturing Systems (MS). An appropriately selected 
number of resources can improve the overall system performance. 
On the other hand, too much chosen resources means needless 
investment, whereas an insufficient number of chosen resources 
can make the system unable to produce the required quantities in 
the desired due date, which constitutes a financial loss (ie. 

penalties, loss of customers, etc.). Therefore, MS sizing is an 
important issue that must be considered to obtain the desired 
system performance. In fact, this issue has attracted the attention 
of several researchers. Hence, many types of approaches have been 
used to solve machines, labor and MHS fleet sizing problems. The 
Simulation/Expert System Approach (SESA), is one of these 
approaches used to solve MS sizing. It was proposed by [2] and 
enhanced by other researchers either by considering other 
resources or by altering the used tools. However, SESA still needs 
improvements to be applicable in real cases. However, one of its 
shortcomings is the lack of consideration for the material handling 
system (MHS). In fact, appropriate MHS choice and sizing is 
crucial for the MS design task [3]. Its main role is transferring parts 
between the various components of a MS in the most economical 
way, to ensure an efficient material flow.  The interest of 
configuring and sizing the MHS is continually increasing in 
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manufacturing facilities. Therefore, this research proposes some 
opportunities to improve SESA framework considering the MHS 
fleet sizing problem to make this approach more pertinent and 
applicable in real-world cases. 

    The remainder of this paper is as follows: Section 2 presents a 
brief literature review on the MS sizing problems. The originality 
of SESA and its evolution are presented in Section 3. Section 4 
presents a survey of recent research studies to show the promising 
potential of SESA tools. Before concluding, section 5 suggests an 
improvement proposal for SESA.  

2. MS Sizing problem 

       MS sizing problem is defined as the selection of the required 
number of resources from each type to be used in a manufacturing 
process for a given horizon. 

2.1 Resources studied in literature 
      Several research studies dealt with the MS sizing problem, 
more precisely with the main manufacturing resources used in 
MS, such as (1) machines, (2) labor and (3) material handling 
system (MHS). 

2.2 Machine selection problem  
      Machines represent a fundamental industrial equipment that 
allocates a part, for a period, to generate changes by performing 
certain tasks (generating the Added Value). Finding the required 
number of machines is an important task in the MS to achieve the 
target performances.  Among the first research studies discussing 
the machine selection problem, we can cite [4] who developed 
neural networks to minimize the number of machines in each work 
center in a flexible manufacturing system.  In addition, [5] 
proposed a mathematical formulation and a heuristic algorithm to 
find out the required number of types of machines in a group 
technology system that reduce the manufacturing cost. More 
recently, [6] developed a new modelling approach combining 
simulation/optimization methods to find the minimum number of 
machines required in each MS type. Besides,[7] used an artificial 
neural network approach coupled with a simulation tool to estimate 
the minimum number and the best scheduling of machines that 
enhance the mean tardiness and the mean flow time. In fact, [8] 
used two analytical methods to firstly, determine the optimal 
number of machines and the quantities produced in each period 
and secondly, determine the production plan and the periodic 
preventive maintenance scheduling to reduce the failures and 
minimize the total costs. Moreover, [9] used Discrete-Event 
Simulation (DES) and OptQuest to find out the optimal machine 
number. Two objective functions were used: maximizing the 
machine utilization rate and minimizing the waiting time in the 
queue.  

      The continuous dealing with the machine selection problem 
proves the importance of this issue in the MS improvement. 

2.3 Labor selection problem  
      The human factor plays a crucial role in the creation, the 
responsiveness, the flexibility and the performance of industrial 

processes. The determination of the optimal number and quality of 
labor to be allocated is necessary in each MS. In fact, this issue has 
been the object of numerous research studies. For instance, [10] 
used Fuzzy AHP, TOPSIS and  Simulation tools to determine the 
optimal number and assignment of  labor in the system. Many 
performance measures have been used to achieve some objectives 
such as the average lead-time, the average labor utilization and the 
average waiting time. [11] used simulation and genetic algorithm 
to determine the optimum number and allocation of labor and the 
measure of the efficiency of their operation in an assembly shop. 
His aim is to maximize the throughput system. Similarly, 
[12]developed a simulation /optimization approach based on the 
genetic algorithm (NSGAII) to determine the required number of 
labor. [13] used CPLEX optimization software and DES (ARENA 
software) to determine the required number of operators in 
automobile chassis manufacturer while considering the labor 
fatigue in their attempt to satisfy the customer demand. 

2.4 MHS fleet sizing 
      MHSs are used to transport goods and materials between 
workstations of a manufacturing system. Therefore, the number of 
vehicles greatly influences the performance of the MS. MHS are 
usually expensive, thus determining the appropriate number of 
vehicles is very a very important task. Hence, due to the 
importance of this problem, many recent research works dealt with 
this problem using different approaches. For instance, [3] 
developed an analytical model to estimate the minimum number of 
automated vehicles required by a flexible MS. The results of the 
regression analysis were compared with simulation results to show 
that the regression technique is a promising approach to resolve the 
fleet sizing problem. [14] used a simulation tool to determine the 
optimal vehicle number and material flow rate in a semiconductor 
manufacturing systems. [15] applied a queuing model to determine 
the required number of automated vehicles in a flexible MS 
containing multiple pickup and delivery points. The objective was 
to minimize the waiting times. As for, [16] applied the queuing 
theory to specify the required number of MHSs in a MS in order 
to maximize their utilization rate and minimize the investment 
costs. Besides, [17] used the bees algorithm to estimate the optimal 
number of MHS operated at the MS to maximize the profit. This 
algorithm is inspired by the foraging behavior of honeybees. On 
the other hand, [18] used multi-class Closed Queuing Networks 
(CQN) based on a linear programming to model the movement of 
MHS in a MS and determine the minimum MHS number. More 
recently, [19] has developed two analytical methods to determine 
the AGV fleet size in different layouts of flexible MS. In fact, 
different factors, such as the processing time, job sequence, job 
mix, loading/unloading stations and the number of work centers, 
are included in the model. 

2.5 Synthesis 
     Table 1 presents a literature survey on the MS sizing problem 
the detailed analysis of which shows that the number of studies 
about the production resources selection area has grown 
considerably in recent years. In fact, the growing interest in this 
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subject shows the importance of the resolution of the resource 
selection problem in improving MS performance.  However, one 
of the gaps in these studies is the absence of a correlation between 
the three types problems related to the selection of machines, of 
labor (operators) and of MHS components, which affect one 
another. 

Table 1. Literature review on MS sizing 

Types of resources Research studies 
Machine [4-9] 
Employees [10-13] 
MHS [14-19] 
Machine and employees [20, 21] 

Recently, some studies have combined machine and labor 
selection problems but without considering the MHS fleet sizing 
problem. For example, [20] used  a simulation tool to size an 
effective automobile manufacturing process. The aim is to enhance 
the system throughput by determining the required number of 
repair stations, labor, machines and the best plan configuration. 
More recently, [21] has sized a functional MS to determine the 
required number of machines and employees that enhance the 
overall system performances for the purpose of respecting the Due 
Date (DD). 

2.6 Used methods 
      Due to the variety of resources used in the production systems 
and the influence of one over the other, the search for the optimal 
size becomes more and more difficult. To overcome this difficulty, 
many methods are employed in the literature to tackle the sizing 
issue, which are classified into two main categories:  

• Analytical methods; 

• Simulation-based methods. 

      The first category can be classified into two main types: exact 
and approximate methods. 

     In fact, the exact methods like Branch-and-Bound, linear 
programming and others provide an optimal solution, which is 
suitable only for small sized problems. Therefore, the major 
weaknesses of these methods are their static and deterministic 
character, their mis-consideration of the dynamic and stochastic 
aspects of the system and their inconsistency with the MS sizing 
problem. Since the number of feasible solutions rises exponentially 
when changing the total number of resources, it is impossible to 
use complete enumeration for large-sized problems. As a 
consequence, heuristic and meta-heuristic methods are widely 
approved by the researchers to efficiency deal with the MS sizing 
problems. 

Approximate methods, which are heuristic and artificial 
intelligence methods, as the expert system, artificial neural 
networks, genetic algorithm, Tabu search, particle swarm 
optimization, simulated annealing and others do not always 
guarantee the optimal solution. 

On the other hand, the simulation-based methods, which fall into 
the second category, are widely used to solve MS sizing problems. 
In fact, simulation can provide a detailed analysis of the system 
performance and help managers to take the right decision. 

Moreover, some studies developed approaches combining 
simulation and analytical methods to find out satisfying results (not 
optimal ones). Due to the effectiveness of this combination, [21] 
used an expert system simulation approach called “SESA” to look 
for the optimal number of two types of resources simultaneously: 
machines and labor. In fact, this work considers the stochastic and 
dynamic aspects. However, the major gap in this work is the 
neglect of transfer problem when sizing MS.  

In the next section, the evolution of SESA and its originality are 
presented. 

3. SESA Evolution 

 Originality of SESA 
      SESA is a prescriptive simulated approach developed by 

[2] to solve the MS sizing problem and more precisely, to identify 
the optimal number of machines in a simple static and 
deterministic MS. The framework of SESA is presented in Figure 
1. The two principal tools used in SESA method are the simulation 
and the expert system, which work in a closed loop and exchange 
data and results.  

 
Figure 1. The framework of SESA [2] 

The data of the studied MS and the typical order to be 
manufactured are the required inputs for the simulation step in 
order to establish the simulation procedure according to which the 
command type will be executed. This first step provides 
performance indicators such as the total operation time. For each 
scenario, the simulation model is run and the system performance 
measures are recorded. Then, the second step, it involves the expert 
system, which has as inputs the performance measures (provided 
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by simulation) and the performance limits. The main role of this 
step is to analyze the results provided by the simulator and 
establish one of these two cases: 

• The system performance, which is optimized according to 
the actual context, or; 

• The system performance, which needs to be improved 
according to the actual context. In fact, the expert system 
offers a problem diagnosis, according to the MS resources, 
in order to check if there is a lack or an excess of resources. 
Then, the ES provides a set of recommendations to adjust 
the resource number, which improves the system 
performance.  

The simulator used in this original version is a deterministic tool 
named "SICOP". It is a simple program developed by “C 
language”, which provides statistical results (performance 
measures). The expert system is “SEORAM”, which is intended to 
minimize the Mean Flow Time (MFT). The results of this study 
indicate that combining the simulation and optimization tool is 
quite competitive, in terms of precision, when compared to the 
simulation itself. This approach helps to avoid the “try-error” 
aspect. Enhancement of the system performance proves the 
efficiency of this approach. Accordingly, other researches were 
encouraged to extend the application of this approach to be more 
applicable in real MS. 
The weaknesses of this study are as follows: 

• Misconsideration of the stochastic and dynamic aspects; 

• Used tools and the total indices of performance chosen in 
this initiated approach are not used any more in research 
since they do not reflect any more the current tendencies of 
the industrialists;   

• Misconsideration of the labor and MHS selection 
problems. 

 SESA improvement 
Improvement of the Expert System used tool “ESMRS”  

In the follow-up research work, [22] developed an improved 
version of SESA and applied it for Job Shop machine selection 
problem. The studied MS grouped the same machine type on 
departments and supposed that the requirement of labor and 
material handling system are neglected. The main focus was on the 
development of a new ES prototype named expert system for 
manufacturing resource sizing (ESMRS developed by Kappa. PC) 
(see Figure 2). A set of generic diagnosis production rules is 
developed. The main objectives were to improve the structure of 
research mechanism, recommend resource modification according 
to performance indicators provided by the simulation and 
overcome the "try-error" aspect. The results provide significant 
insights into the effective application of the enhanced ES.  

Improvement of the simulation used tool 

      After that, [23]enhanced the framework of SESA, previously 
described, by using the simulation software “ARENA”. This tool 
considered the stochastic and dynamic aspects, governs 
Manufacturing Orders launching (MO) as well as machine 
operating parameters. Thus, all entities of the same product type 
enter the MS according to a stochastic inter-arrival time (random 

distribution). Then, the entities stay on the machine queue until the 
machine becomes available. After that, the entity will be treated in 
a randomly chosen processing time (see Figure 3). The same 
optimization loop presented previously is used in [23] but the 
differences are: 

• Use of a stochastic simulator tool; 

• Use of more relevant performance indicators and; 

• Considering the stochastic and dynamic aspect.    

 
Figure 2. Enhanced ES interface [22] 

 

Figure 3. MS “ARENA” simulation model[23] 

Despite improvements provided by [22, 23] to enhance the 
efficiency of SESA tools, this approach still limited in its 
application domain. It resolve only the machine selection problem.  

 Enlargement of SESA application domain  
      In an earlier work, [21] extended the application domain of 
SESA to select the optimal number of both machines and labor in 
a functional manufacturing system. This extension has already 
involved changes both in simulation model (see Figure 4) and ES 
interface (see Figure 5). 
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Figure 4. MS “ARENA” simulation model [21] 

To build the simulation model, two inputs are required: 
The MS data which represents the number of work center, 
Processing Time (PT) and Setup Time (ST) and; 
The demand patterns, which represent the inter-arrival times, 
product type, load size and sequence.  
 
Different performance indicators have been used to enhance the 
applicability of SESA. These indicators are: the rate of resource 
utilization, the average waiting time and waiting number of 
batches in resource queues, throughput, mean tardiness and mean 
earliness.  

 
Figure 5. Enhanced ES interface [21] 

The main target is to respect the DD in order to minimize the delay 
penalties and the storage costs. The DD indicator is more adequate 
for functional manufacturing context than MFT. The first objective 
is to minimize the Mean Tardiness (MT) and then minimize the 
Mean Earliness (ME), which is considered as the second objective. 
Besides, in order to avoid superfluous investment costs, all the 
resources should be fully utilized. The experiments with different 
levels of DD closeness indicate the important benefits of the 
approach improvements through the new performance measures 
and the enhanced ES interface. 
 
      The enhanced ES interface is divided into two main stages. The 
first stage is the machine selection problem without labor 
constraints and the second is the labor selection problem. 
 
In the first stage, the ES starts with the study of the MS machine 
situation (without labor constraints). Thus, this stage supposes that 
the number of employees is equal to that of machines (assigning a 
worker to each machine). If the simulated system performance 
needs to be improved, the ES will recommend modifications 
regarding machine number. These changes overcome the problem 
and enhance the system performance. Thus, a new cycle is run with 
the modified machine number until the ES can not suggest other 
modifications. This situation presents the end of this stage. In the 
second stage, the ES resolves the labor selection problem with a 
machine balanced MS (according to the first stage results). The 
same optimization cycles will be run until they reach a non-
improvable MS. 

The confines of SESA developed by [21] is the neglect of the 
transfer network and MHS constraints when sizing MS component 
resources. In fact, MHS is significant in MS that has an effect on 
the system performance [24].  It can account for 30 –75% of the 
total cost, and efficient material handling can be primarily 
responsible for reducing a plant operating cost by 15–30% [25]. 
Therefore, MHS is very important in reducing the total 
manufacturing costs and increasing profits. Consequently, it is 
necessary to extend the application domain of SESA by 
incorporating material handling system constraints when sizing 
production resources. However, it is necessary to demonstrate the 
relevance of SESA tools. Therefore, the next section will provide 
a detailed survey of recent research studies using simulation and/or 
expert system for solving resource selection problem. 

4. Is SESA a promising approach? 

 Is simulation always promising? 
     Simulation has been developing for a long time to became an 
essential tool for many disciplines. Its application fields may go 
from industry [26] healthcare [27, 28], urban design [29] military 
[30], among others.  It has been widely proven by the scientific 
community and practitioners as a flexible technique by allowing 
modelling, testing and analyzing complex dynamic systems, 
namely for models where structure and behavior change over time. 
The simulation model is a representation of the real system. It may 
reduce the risks related to the implementation of new system 
design, production cost, production time, etc. It is used to analyze 
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and process huge quantities of data. As shown in Figure 6, 
simulation is a solid approach with many years of application and 
is a rapidly evolving research field [31]. 

 
Figure 6. Evolution of simulation application 

Discrete-event-simulation (DES) is mostly used to solve MS 
problems. Numerous benefits to use DES defined by [32]include: 
simulate a real system in a short time, study the interaction between 
different components, reduce cost and risk, monitor and control the 
system and others. 

This approach has tackled different problems. A brief summary of 
DES applications to solve manufacturing systems is presented in 
Table 2. [33] revealed abundant references in more details about 
the simulation utilisation on other MS problems. 

Table 2. Publications related to simulation approach 

 

In all the above discussed studies, DES models have been proven 
as powerful decision support tools, which enables practitioners to 
accurately test, model, analyze and plan complex systems. 
Moreover, it is an efficient tool to search for optimal solution and 
evaluate the obtained results. Different DES tools have been used 
in literature.in this context, [44] compared these tools to identify 
the most popular and used ones. In fact, the ARENA commercial 
software has been the most popular and used tool for modeling and 
analyzing various complex MSs.   

    Nevertheless, the simulation tool may not be the first preferred 
in solving real-life system due to the “trial-and-error” nature of the 
development process and its lengthy computational requirements. 
This issue is particularly remarked when the solution space is 
mostly large and the time available to make decision and analysis 

is too limited. Thus, it is necessary to add an analytical method to 
the simulation tool to do an optimal decision-making. Therefore, 
the simulation tool has been coupled with an expert system 
approach.  

 Is the Expert system still promising?  
      The ES is an Artificial intelligence (AI) software application 
that attempts to simulate the knowledge and experience of human 
experts in a specific domain and make such expertise accessible on 
demand to the program user. This application was introduced by 
[45]for the first time in the 1980s. A growing interest in the use of 
ES has been seen for solving optimization problems in many 
domains such as Healthcare [46, 47], supply chain [48],transport 
[49], risk management [50] and others. 

According to [51], the expert system includes three principal parts 
(Figure 7): 

• User’s interface that enables the user to ask questions and 
provide advice corresponding to it; 

•  Knowledge base that consists of facts and rules, which are 
created from information which are provided to it; 

•  Inference engine that helps to match the user’s query with 
knowledge base and provides the result. 

 
Figure 7. An Expert system environment 

 
Table 3. Recent research studies used ES 

Authors Years ES applications 

[52] 2016 Evaluation of the performance of 
sustainable manufacturing 

[53] 2016 Material handling equipment selection [54] 2019 
[55] 2019 Layout designs 

[56] 2018 Optimization of Design and Manufacturing 
Process 

[57] 2019 Shift work 
[58] 2015 Machine tool selection 
[59] 2015  

Material Selection  [53] 2016 
[60] 2017 
[61] 2018 Risk management 

 
The main advantages of ES consist in reducing human error, 
always available, providing expertise at a minimum cost, which is 
used in any risky environment to solve complex decision problems 

Authors Years Simulation application 
[34] 2008 System and facility design  
[35, 36]  2015, 2017 Planning and scheduling 
[37] 2016 Production  planning and control  
[38]  2019 Supply chain design 
[39]  2016 Inventory management 
[40, 41] 2019, 2018 Maintenance 
[42] 2016 Controlling and analyzing energy 

and power consumption 
[43] 2018 Resource allocation 
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in different specific fields, obtain flexible and practical solutions, 
and respond at great speed, etc. 

The capability of ESs to acquire performance similar to the human 
ones makes current researchers used it to solve various types of 
problem in MS (see Table 3). 

 Is coupling Simulation/Expert System promising? 
       Simulator systems generate large and a high variety of data 
that make decision making so difficult. Therefore, novel 
approaches combined simulation and optimization have been 
developed in literature to eliminate this gap. In fact, simulation 
based optimization approaches have received considerable 
attention from many recent researchers to solve MS problems. [62] 
proposed an improvement framework using genetic algorithm and 
DES to investigate the buffer size and job sequencing optimization 
problems. [63] combined the DES models and artificial neural 
network models of the production system. This combination was 
realized through an ES in order to evaluate the stability of a 
production system and implement production plans. [64] 
developed a practical approach using bee colony to improve 
throughput while minimizing waste energy and environmental 
impact. [65] proposed a novel methodology using ant colony and 
DES to select better facility allocations that minimize fixed and 
transportation costs. 

Recent research studies applied the DES with ES in different 
application including industrial systems [66], food process [67], 
supply chain management [68], healthcare systems [69], risk 
management [70]and others.  

The main advantage of this combination is that the DES can 
integrate compound system dynamics and uncertainties. Then, ES 
helps in efficiently getting optimal parameter values. The 
methodology is that the ES accesses the output of a simulation 
cycle and, depending on the user's objective, selects and retrieves 
the pertinent data and provides a mechanism for exception 
reporting. A greater degree of integration would be for the ES to 
explain the recommendations. Thus, the incorporation of DES with 
ES improves the decision-making process. 

      The research studies, cited in the previous three sub-sections, 
have been conducted to assess the trends of SESA approach and 
its capability to solve highly complex systems with stochastic 
variables. We can conclude that SESA is still promising but can be 
improved. 

 Limits of SESA 
      The application domain of SESA is limited in finding the 
optimal number of machines and employees without taking into 
account the MHS, despite its importance. A MHS can be defined 
as a vehicle that moves work-parts at short distances and usually 
inside the building. [71] affirms that the MHS represents a major 
portion of the total manufactured product cost.  An efficient MHS 
can have a main impact on the operating cost, which reduces and 
increases the total throughput and department utilization. 
Moreover, a well selection of the required number of MHS is very 
important to significantly improve the efficiency of the MS. In fact, 

if the chosen number of MHS is less than the required number, the 
work-parts will saturate the storage areas between departments and 
their waiting time increases. Moreover, if the chosen number is 
higher than the required one, the MHS waiting time increases. This 
will cause an accumulation of vehicles, a saturation of the traffic 
lines and a system blockage. Besides, the MHS purchase cost is 
very high, so an accurate determination of their optimum number 
is required.  

     Consequently, considering MHS when selecting machines and 
labor, it is very important to significantly improve the efficiency 
of MS.  

5. SESA improvement proposal 

     From previous sections, it is clear that SESA is always 
promising seen simulation and ES benefits. Nevertheless, it is a 
priority to take into consideration the MHS. Our contribution in 
this section is to highlight the opportunities of SESA 
improvements. 

 Proposal to enlarge the application domain 
     To enlarge the application domain of SESA, we will propose 
some improvement opportunities and develop a new strategy of 
SESA by considering the MHS fleet sizing problem (see Figure 8). 

 

Figure 8. The new SESA framework 
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In the beginning, different characteristics related to the MHS 
will be integrated in simulation inputs. Then, new performance 
indicators related to the MHS will be considered to analyze system 
performance (see section 5.4). Finally, a new stage related to the 
MHS fleet sizing will be added to extend the expert system 
mechanism.  

 Improvement proposal of simulation model  
     To improve the simulation model developed by [21] and make 
the first investigation of taking into account the MHS when sizing 
MS, it is necessary to add different data related to the MHS within 
the MS data, which represent the simulation input. A 
representation of the improved model is presented in Figure 9.  

The MHS data requirements can be: 

• Type of material handling; 

• Direction of movement (orientation); 

• Transport distance; 

• Load size; 

• Loading and unloading time; 

• Speed of material handling; 

• Dispatching rule. 

The components of this proposed model are as follows: 

• Materials warehouse; 

• Five departments (each one group the machinery with the 
same process capability) ;  

• Parking (group the MHS); 

• Finished Pieces (FP) warehouse. 

 
Figure 9. MS model including MHS 

The MHS process, in this system, consist of four main steps:  

• The unloaded MHS starts from the parking and moves to 
the pickup point to pick the load and goes to its destination 
(P/D point) related to the work center; 

• The MHS stops to deliver the parts, picks up the new load 
if it exists;  

• The loaded MHS moves to the next point whatever its 
storage area or work center, then the same operations will 
be repeated until the end of the procedure; 

• MH returns to the parking.  

The traveling time depends on: (1) the type of transporter (speed, 
loading time, unloading time, etc.); (2) the transfer network 
constraints like dispatching rule, orientation, distance between the 
departments etc.  

 Use of better Performance indicators 
      The performance indicators used by [21] are divided in two 
types:  

• The main performance indicators are used to evaluate the 
global MS performance, in terms of tardiness, earliness 
and DD; 

• Diagnostic performance indicators: they are used to 
resolve resource lack/surplus problems in each work 
center, which are represented as follows (Table 4): 

Table 4. Indicators used by [21] 

Indicators Definition Objective 
Machine 
utilization rate 
(RUm) 

Machine 
availability within a 
period of time 

Maximize 
machine 
utilization 

Labor 
utilization rate 
(RUop) 

Labor availability 
within a period of 
time 

Maximize labor 
utilization 

Number of 
units in queue 
(WIP) 

Total number of 
parts in queue and 
under process 

Minimize WIP 
Parts in queue 
and parts in 
machine 

Waiting time 
of units in 
queue 

Total waiting time 
of parts in queue 
and under process 

Minimize the 
waiting time of 
Parts in queue 
and parts in 
machines 

Tardiness (Tr) 
Time at which the 
task is completed 
after its date. 

Minimize 
tardiness 

Earliness (Er) 
Time at which the 
task is completed 
before its date. 

Minimize 
earliness 

We can say that the performance indicators used by[21] are 
relevant but not sufficient to evaluate the performance of a MS 
including the MHS. The major shortcoming consists in neglecting 
the performance measure related to the MHS.  

On the other hand, to improve SESA, it is necessary to measure the 
efficiency of the MHS, which can be characterized by several 
performance indicators.  
In fact, previous research studies, in the field of fleet size, used   
different performance measures to analyze and evaluate the system 
performance. [18, 72-77]. 
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Most of the indicators, related to MHS performance are: 
• Vehicle utilization rate; 
• Throughput rate; 
• Vehicle waiting time; 
• Vehicle blockage time; 
• Empty vehicle traveling time; 
• Total number of delivered loads; 
• Number of units waiting to be transported; 
• Waiting time of units to be transported; 
• Availability/ unavailability of MHS. 

 Improvement proposal of the ES reasoning mechanism  
     The ES reasoning mechanism used by SESA is divided into two 
stages. The first stage aims at resolving machine selection problem 
without labor constraints (with a number of workers equal to the 
number of machines in each department). Then, the labor 
requirement problem resolution starts with a machine balanced 
MS.  

According to our literature review, there has not been yet any 
expert system developed to select machines, labor and MHS 
simultaneously. In this work, we try to improve further ES 
reasoning mechanism in order to select not only the production 
resources (machines and labor), but also the material handling 
resources (trucks, pallets, etc.).To attain this objective, it is 
important to add another stage, in SESA, to resolve MHS fleet 
sizing problem (see Figure 10).  

 
Figure 10. ES reasoning mechanism 

The resolution of MHS fleet sizing problem requires new 
knowledge based rules related to the MHS in order to make the 
right decision of adding or deleting a MHS. The new stage must 
be in coherence with the other stages.  We can take the example of 
the Lack and surplus of MHS resources. In fact, If the MHS 
utilization rate (ur) is less than the lower performance limits 
(supposed urmin=40%) there is a surplus of vehicles (the number 
of units waiting to be transported decreases but the MHS cost 
increases). In addition, If the MHS utilization rate (ur) is more than 
the higher performance limits (urmax=90%) there is lack of 
vehicles (the number of units waiting to be transported increases). 

Example of the generic diagnosis production rule related to the 
lack of resources (ur>urmax): 

MSS: Manufacturing system state. 

If [GlobalPerformance: MSS= = OK] AND [D: ur>= D: urmax] 
Then D: problem=lack 

The ES is a promising tool, as proved in previous section. It can be 
useful to various types of resource sizing problems. However, 
integrating an additional stage and finding an optimal order of 
three stages in the strategy structure is not an easy task. The 
feasible way to enhance SESA is to start with one problem, by 
giving a fixed number of resources for the others, then, using the 
solution of the first stage by solving the next problem, then, using 
the new information obtained from the second for solving the third 
problem. Each stage may have several iterations until satisfying 
results are obtained. In fact, it is necessary to identify the right 
ordering of selection problems because different ordering can 
provide different solutions.  Unfortunately, the chained stages can 
address the complexity of the problem when dealing with a high-
size problem. This approach becomes challenging to be applied. 

Note that it is possible to combine other useful optimization 
approaches with simulation, such as the Artificial Neural Networks 
(ANN) Tabu algorithm, Genetic Algorithm, Data Envelopment 
Analysis (DEA), Regression Metamodeling etc. to identify the 
required number of resources. 

6. Conclusion and Future Work 
      This paper discusses the originality and the evolution of SESA 
for sizing MS. The original version was created using static and 
deterministic tools to solve only the machine selection problems. 
Later research studies enhanced it by developing new stochastic 
and dynamic tools and enlarging its application domain by 
incorporating the labor selection problem. However, SESA is still 
limited, it neglects the MHS fleet sizing problem despite its 
influence on the machines and labor quantities. The provided 
literature survey indicates firstly that the MS sizing problem is 
continuously relevant due to its importance in ensuring the desired 
system performance. Secondly, the survey indicates that SESA is 
a promising approach for the MS sizing problem. The purpose of 
this study was to extend the application domain of SESA by 
integrating the MHS fleet sizing problem in the overall MS sizing 
task.  The new SESA framework is thoroughly explained and its 
application and validation on actual case are proposed as future 
research. 
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