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ABSTRACT 
 
 
 
 

One of the most commonly faced challenges to manufacturing industry today is that consumers 

increasingly require a great variety of products, which are coupled with the intrinsic demand of 

short lead-time, high quality and low costs. Consequently, manufacturing companies need 

consistent improvements of their production systems in terms of flexibility and responsiveness to 

accommodate unpredictable circumstances from the competitive market. A human centred 

assembly system, as an example, may have these characteristics as it offers good flexibility and 

responsiveness due to inherent human intelligence and problem-solving abilities. In addition, 

human-centred manufacturing systems can provide such a capability in dealing with product 

variations and production volumes by adapting themselves to perform multiple tasks after a 

learning process. Nevertheless, human performance can also be unpredictable, and it may alter 

over time due to varying psychological and physiological states, which are often overlooked by 

researchers when designing, implementing or evaluating a manufacturing system. This study aims 

to address these issues by exploring human factors and their interactions that may affect human 

performance on human-centred assembly systems. Through a literature study, although there were 

some investigations into human factors relating to human performance, there were a few studies 

by examining human factors and their interactions on human performance of a human-centred 

assembly system. This thesis presents a report by identifying the relevant human factors that may 

have impacts on human-centred assembly based on findings of a comprehensive literature review 

and an industrial survey. This includes alternative methods used for quantifying the influential 

levels between one of key human factors and one of key performance indicators. The research 

findings through the literature study conclude that experience is the most significant human factor 

that affects individual human performance, compared to age and general cognitive abilities in 

human-centred assembly. By contrast, both human reaction time and job satisfaction have the least 

effect on human performance, a framework of a user-friendly integrated DES (discrete event 

simulation) tool that allows manufacturing system designers to examine the overall performance 

of a human centred system with considerations of effects of selected human factors was developed, 

since the existing DES tools do not have functionalities that enable incorporating parameters of 

human factors into established DES models for manufacturing systems design and evaluation. 
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NOTATIONS 
 
 

 

The following notations and glossary are used throughout this thesis: 

: Time to produce unit 

𝑇𝑛
𝐼𝐸: Time to produce 𝑛𝑡ℎ by inexperienced worker at full capacity 

𝑇𝑛
𝐸: Time to produce 𝑛𝑡ℎ by experienced worker at full capacity 

𝜏𝑛
𝐼𝐸 : Time to produce  unit by inexperienced worker 

𝜏𝑛
𝐸 : Time to produce  unit by experienced worker 

𝐹𝑑𝑙 : Decline rate of human performance after 38 years old 

∆𝑡𝑙
𝐼𝐸 : Time to produce  unit by inexperienced worker after the age of 38 years old 

∆𝑡𝑙
𝐸  : Time to produce  unit by experienced worker after the age of 38 years old 

Q𝑄: Incompressible factor (Constant), taken approximately as 0.25 (for manual dominated 

activity) 

N: unit 

E: Cumulative number of units produced  

G: Number of times similar operation is performed by an assembly operator 

D: Maximum number of assembly units 

𝐾1 : Existing age in years 

Remaining human capacity in percentage after 38 years old 

: Full human capacity (100%) at 38 years old 

: Human capacity loss rate in percentage 

𝐿𝐸𝑟: lost rate of human functional capacity (%) at any given period after the age of 38 years old 

∆𝐿𝑡: The loss in average assembly time per worker due to ageing 

 𝑇𝐴𝑡 : Average total assembly time per worker associated to ageing 

𝑇𝑚𝑎𝑥: 𝑇𝑚𝑎𝑥: Assigned time to assemble first unit  

ω𝜔: standard time to complete a task regardless of the cumulative number of units produced. 
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 C: Learning index 

 𝑤𝑗: Worker j 

 𝑤𝑠: Work station 

 𝑇𝐴: Time to reach steady state production 

𝑇𝑡: Time to produce first unit  

B: Batch size 

 R: learning index 

𝑃𝑛: Relative importance of each performance measure 

𝐷𝑓: Composite desirability function 

𝑑𝑖: Individual desirability function 

𝑟𝑛: Weight of 𝑖𝑡ℎ response 
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1.1 Background  

Because of the increasing global competition in the manufacturing industry, many manufacturing 

companies have been facing more challenges than ever before in the past decade. Consumers prefer 

to have a great variety of products to choose from and manufacturers consistently deal with varying 

demands of products for relatively smaller lot size, shorter lead-time, higher quality and lower cost 

(Hu et al. 2011; Brettel et al. 2014). This requires developments of resilient production systems 

capable of providing essential flexibility and responsiveness to mitigate foreseen and unforeseen 

changes of the fluctuating market. One type of manufacturing systems, which can offer these 

characteristics of flexibility and responsiveness, is human centred assembly systems due to 

inherent human intelligence and problem-solving abilities. In automotive assembly, human centred 

manufacturing operations are still predominant at many plants in which assembly performed by 

workers account for up to 50% of the entire process (Nof et al. 1997; Narayanan et al. 2009).  

Physiology refers to studies on how the human body functions, this includes the mechanical, 

physical, bioelectrical, and biochemical functions of humans in order to understand physical and 

chemical processes of human body. Psychology is used for understanding of the human cognitive 

processes in terms of such as intelligence, learning, memory and power of imagination. Sociology 

is a study of social behaviour in relation to society focussing on culture, organisations, and other 

social institutions (Schmid 2005). Virtually, models of human behaviour can be obtained from 

different study domains. Studies in terms of the impact of human factors on human performance 

on manual assembly lines using discrete event simulation (DES) approaches are still neglected by 

researchers (Wang et al. 2013). DES is a modelling and simulation technique, which is widely 

accepted as an aided tool for manufacturing systems design and analysis. Previous studies showed 

that 46% of automotive manufacturers applied DES methods to support their production planning 

and evaluation in which key performance indicators, which are throughput, utilizations, space 

allocations, inventory levels and so on, can be investigated (Samy & Elmaraghy 2010). Greasley 

& Owen (2018) provided a latest review in modelling human behaviours using the DES method 

relating to human performance. Nevertheless, current DES tools have its own inadequacies in 

assessing human factors that impact on human centred manufacturing activities based on 

established DES models. Therefore, current modelling simulation tools in the market for 

manufacturing systems evaluation cannot allow system designers to combine human attributes (or 

human performance) into an investigation of the overall system performance in manufacturing.   
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Manual assembly is by definition, carried out by human workers, and therefore this type of 

manufacturing system is human-centred: its performance largely depends on humans (or human 

performances) rather than machines. There are some studies in a view of socio-technical or 

psychological sciences to evaluate the effect of human factors relating to the design of 

manufacturing systems. These human factors may include cognitive elements (such as experience, 

IQ level and so on) and physical elements (age, gender, dexterity and so on). However, the 

outcomes of these studies are basically descriptive in a form of language that manufacturing 

engineers often find difficult to understand. Modelling techniques are used to consider such human 

issues as ergonomics to improve the environment for workers to perform at a workplace or in a 

production area with better conditions. Although this improvement may be useful to achieve a 

better performance of individual workers, it cannot provide an answer of human performance that 

may impact the overall system performance on such as a human-centred assembly line. Thus, a 

consideration of human performance often becomes a situation of uncertainty in designing a 

manufacturing system when human workers or operators are involved in production (Wang et al., 

2009). In practice, this issue is often neglected by manufacturing system designers, and an 

adjustment of it in the actual system has to be made based on personal experiences and judgement 

from production managers.  

In other aspect, most modelling simulation practices in the production research literature focused 

on conventional systems in which operators are tied to specific tasks or stations. Moreover, current 

modelling simulation tools in the market for manufacturing systems evaluation do not provide 

facilities that allow system designers to combine human attributes (or human performance) into an 

investigation of the overall system performance. This is because, for example, in a discrete event 

simulation (DES) model, workers are defined and treated as one of the resources the same as parts, 

machines, conveyors and so on. The application of DES models is therefore restricted to predicting 

only such variables as the required number of workers, their shift patterns and routes. As a result 

of this, the accuracy of established DES models can be adversely affected without considering the 

effect of human performance (Wang et al., 2013). 

The significance of human factors in operations management was observed in a systematic review 

by Neumann & Dul (2010); the study concluded that system performance is affected when both 

operational and human aspects, which should be considered jointly at the initial design stage.  

Some literatures reported relevant studies of  human factors, which include such as worker age, 

physical work capacity, experience, learning and forgetting, general cognitive abilities, job 

satisfaction, reaction time, in relation to manufacturing systems’ performances (throughput; cycle 
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time; quality; idle time; in-process inventory; and cost) (Hunter 1986; Galen 1987; Sander & 

Mccormick 1992; Hunter & Schmidt 1996; Jaber & Bonney 1997; Govindaraju et al 2001; Shafer 

et al 2001; Nembhard & Osothsilp 2002; Reagans et al. 2005; Wirojanagud, et al 2007; Bridger 

2009; Wang & Hu 2010; Falck & Rosenqvist 2012a; Rosengvist 2012b; Wang et al 2012; Boenzi, 

et al.  2015). Based on the above findings, Figure 1 shows the interrelationship between one of 

human factors and one of performance measures using the Gephi network analysis method. 

 

Figure 1: Visual interrelationships between human factors and manufacturing system 

performance indicators 

Today, it is widely understood that efficiency, flexibility and responsiveness is vital for 

manufacturing systems to survive due to the increasingly competitive market. This can be partially 

achieved by using the discrete event simulation (DES) tools as an aid for system design and 

improvements. DES is particularly useful for modelling complex random manufacturing systems 

providing different strategies in terms of system structure, system layout and system operations 

within a dynamic virtual environment. In a DES model, manufacturing system performance 

indicators can be observed and analysed under different scenarios and subsequently alternative 

solutions can be made (Greasley & Owen, 2018). Figure 2 shows applications of DES in 

production systems in a number of industrial sectors (Prajapat & Tiwari, 2017). Applications using 

the DES techniques to investigate some aspects of assembly operations can be found in studies by 

Padhi et al. (2013); Guo et al (2013); Valero-Herrero (2014); Gyulai et al. (2014); Perez, et al. 

(2014); Shang et al. (2014); Onyeocha et al. (2015); Zupan & Herakovic, (2015); Jia et al. (2015); 
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Kose & Kilincci, (2015); Pawlewski & Kluska, (2016); Saez Mas (2016); Korytkowski & 

Korkoszka (2016); Cates (2016); Zankoul & Khoury, (2016); Rane et al. (2017); de Mesquita 

(2017); Mosadegh (2017); Neumann & Medbo, (2017); and  Pawlewski & Kluska (2017).  

 

Figure 2: Application of DES techniques for production systems (Prajapat & Tiwari, 2017) 

1.2 Research Gap and Novelty  

In the field of occupational biomechanical research studies, it provides an understanding of adverse 

human effects that may have negative implications on manufacturing systems performance 

(Chaffin, 2006; Glock et al., 2019). However, these studies do not provide an answer to the effects 

of the overall system performance of human centred manufacturing operations, which are 

measured by such as product cycle time, throughput, utilization of individual human worker and 

so on. This is because most of the previous studies mainly focused on the impact of human factors 

that affect human performance in general terms rather than manufacturing related activities or 

systems. In addition, through a literature review, there are no DES tools currently available for 

manufacturing systems design and analysis incorporating human attributes into established DES 

models. Thus, these issues need to be addressed and a methodology for examining effects of 

identified human factors on human centred assembly system needs to be developed, as proposed 

for this research work. 

There are some previous studies that attempted to address this problem: Lassila et al. (2005) 

studied a human centred assembly system by investigating utilization of resources (human and 

machines) which led to an increase in average lead-time, low worker utilizations and high machine 

downtimes. Bainess et al. (2002) provided a pilot modelling approach allowing for quantifiable 

relationships among workers, working environments and their performance in cognizant effects of 

46.16%

38.46%

15.38%

Automobile Production Sytems & Electronics Assembly

Other Production Systems

Non Production Systems
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key human centred factors. Baines et al., (2004) argued that human factors were missing in the 

DES tools and proposed a framework for investigating human factors on manufacturing systems 

in a DES environment. Mason et al. (2005) investigated the impact of human behaviour on task 

time variations. Wang et al. (2013) investigated manufacturing systems variation due to influence 

of walking workers, whose individual performance varies through a learning process. Majid & 

Herawan (2013) developed combined DES and Agent Based Simulation techniques in modelling 

human reactive and proactive behaviour in service systems. Neumann & Medbo (2009) applied 

the DES method to investigate parallel flow and serial flow assembly lines with workers working 

at their own pace and the result indicated that human behaviour has considerable effects on task 

completion time. Lassila et al. (2005) also employed a similar approach to study human variability 

in task completion time. On the other hand, Mason (2005) examined the significance of different 

probability density functions used in DES for modelling tasks processing times. Wang et al. (2013) 

attempted to use the DES approach with the developed external tool to investigate the significance 

of human learning in a semi-automated automobile engine assembly line with two design 

alternatives. Moreover, Chryssolouris et al.  (2000) examined performance factors related to 

manual assembly processes in terms of lifting capacity and energy expenditure based on the 

established ergonomics models in a virtual reality environment. Ma et al. (2011) developed a 

framework of virtual reality examining worker fatigue associated with manual operations. Gao et 

al., (2016) investigated the influence of visibility, posture, fatigue, and reachability on the 

performance of an assembly operator using virtual reality and concluded that it can provide reliable 

simulation results comparable to the real assembly situation.  

Peltokorpi et al. (2014) investigated interactions and influence of human factors on human centred 

assembly performance from aspects of both operations and human management using a Social 

Network Analysis tool based on a number of assumptions.  Bainess (2005) prioritized some human 

factors relating to manual tasks through the literature findings and concluded that some human 

factors can be influential but might not be straightforward to quantify or measure. Lack of human 

considerations in the existing DES tools is one of the major issues when human workers play a 

critical role on system performance in a human centred manufacturing system. Considerations of 

human factors embedded into DES models are still overlooked in terms of research and 

development through a comprehensive literature review as well as a survey of the existing DES 

tools in the market (Greasley & Owen, 2018). As there are no effective DES tools or approaches 

that can be used to assess human performance for human-centred manufacturing systems design 

and analysis. Figure 3 illustrates a representation of workers in a typical DES tool: to accomplish 
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a task cycle times are assigned. However, factors which are significant to the overall performance 

of the worker such as worker age, experience level, physical work capacity, fatigue level, mental 

abilities etc. are still missing. This study was aimed at filling the gap by identifying key human 

factors that affect human assembly performance and provides a framework of methodology 

incorporating these factors into a DES model.  

Experience

Job satisfaction

etc.

Physical work capacity

Mental abilities

DES

Reaction time

Human worker

AgeingFatigue

Learning and 

forgetting

Costs

Throughput

Utilization

Cycle time

Figure 3: Missing human elements in DES tools     

As a result of this study, the research gap was identified as follows: 

● There is a paucity of studies which address identification of human factors that may affect 

human centred manufacturing systems and the relationships between human factors and 

manufacturing systems performance indicators. 

● There is a lack of effective DES tools that sufficiently offer capabilities for system analysts to 

evaluate human performance particularly for human-centred manufacturing systems  

● There is a need to develop a methodology that enables system designers to investigate human 

centred manufacturing systems using a DES tool incorporating human effects on system 

performance. 

In this research work, a comprehensive literature review and an industrial survey was carried out 

aiming to identify key human factors that may affect manufacturing systems performance in terms 

of productivity and efficiency. These identified human factors were ranked using the fuzzy extent 

analysis approach. Another part of this work was to develop a methodology that allows to 

incorporate parameters of the selected human factors into a DES tool. To achieve this, a human 
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factor decision tool was developed that allows manufacturing system designers to examine the 

effects of experience and ageing on worker performance by incorporating their parameters into a 

DES tool, which can be used for modelling a linear human centred assembly line. Also, with this 

method, the difference in performance of each worker at different ages and experience level can 

be quantified. Through the literature study and to my knowledge, the contribution of this work is 

the first time to be reported.  

1.2.1 Significance to Theory  

For human centred manufacturing systems, most studies have focused on the impact of human 

factors on human performance based on linguistic terms, which are not specifically related to 

manufacturing activities or production systems. The theoretical findings from this study will 

benefit manufacturing systems designers in becoming more aware of human factors and their 

significance on manufacturing systems performance, and the capabilities of DES techniques can 

also be enhanced. Specific contributions to the theory are summarised as follows: 

● An alternative method was proposed for quantifying the influential levels between one of 

the key human factors and one of the key system performance indicators. Critical system 

performance indicators that are affected by human factors were evaluated and most 

significant human factors that affect human centred assembly performance were identified. 

Theoretical findings from this study indicates that age and experience are the most 

significant human factors affecting human performance in human assembly systems, 

compared to other human factors such as general cognitive abilities, human reaction time 

and job satisfaction. 

● Findings through the literature study indicate that individual performance of human 

workers usually approaches their full capacity at the age of 38 years old. After this age, it 

may start to decline over the increase of ages of workers.  

● The effects of experience and ageing on worker performance were examined by 

incorporating their parameters into a DES tool, which was used for modelling a linear 

human centred assembly line operated by workers at varying ages and experience as 

specified. 

1.2.2 Significance to Practice 

Current DES tools in the market do not have functionality allowing manufacturing systems 

designers to create a DES model that considers effects of human factors or human performance 
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for production. In a human-centred manufacturing system, production loss can be caused due to 

varying human performance that is often affected by a variety of human factors interacting in a 

complex way. However, the significance of these factors is often ignored by manufacturing 

systems designers and analysts due to lack of existing DES tools and methods that enable 

incorporating effects of human factors. In order to solve this problem, a user-friendly human factor 

decision platform (namely AutoHmot) was created using the java language. It can actively interact 

with parameters of an established DES model (built in Enterprise Dynamics), together with logical 

interrelationships for operational activities in a manufacturing system. Thus, this method enables 

system designers to evaluate the overall performance of a manufacturing system considering not 

just operational activities but also effects of human factors. 

 1.3 Research Objectives 

The proposal of this research work was aimed at identifying and selecting the most influential 

human factors against a number of key performance measures of human centred manufacturing 

systems. An integrated method, which can incorporate effects of the relevant human factors into a 

DES environment, needed to be created. The detailed research objectives of the study are:  

❖ To investigate and identify human factors which may significantly affect assembly 

performance of human-centred assembly systems through a comprehensive literature study and 

an industrial survey. 

❖ To seek theoretical approaches for selecting a typical set of human factors that may have a 

significant impact on human centred assembly tasks. 

❖ To examine the existing DES tools whether these tools can be used for incorporating human 

factors (variables or parameters) relating to manufacturing systems design and analysis. 

❖ To create a methodology allowing an incorporation of micro models of human factors into a 

DES tool, which allows system designers to examine the impact of human factors on system 

performance of a human-centred assembly system. 

❖ To evaluate the developed methodology DES models incorporating effects of selected human 

factors.  

❖ To publish findings 
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1.3.1 Research Questions 

In pursuing the above objectives, the study was set out to answer the following specific research 

questions: 

1. What are the most effective human factors that may have significant impact on the 

performance of human centred assembly systems? How can the human factors be 

modelled? 

2. Can models of the identifiable human factors be incorporated into a DES tool? And, if so, 

what is the most suitable DES tool related to manufacturing design and analysis that can 

be used for integration of these human factors? 

3. How can the developed method be evaluated? 

Figure 4 illustrates the possible human performance modelling scenarios in such as arrivals, 

movement, availability and task performance (Greasley & Owen, 2018).  

 

Arrivals

Movements

Decisions

Availability

Task performance

Figure 4: Human performance modelling scenarios  
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1.4 Research Methodology  

 
This study involves an assessment in relationships between human factors and manual assembly 

performance measures; this led to the selection of the most significant human factors affecting 

manual assembly performance. The study also involves the development of a human factor 

decision tool incorporating critical human factors (parameters) identified so that the DES tool is 

capable of generating simulation results in terms of system performance such as throughput, cycle 

time and utilization by considering human performance of a human centred assembly system. 

Figure 5 shows the conceptual model of this study in evaluation of human performance on a human 

centred manufacturing system as described above.  

Discrete Event 

Simulation

Human Centred 

Assembly Tasks

Performance 

Indicators

Mathematical 

Models  

-Type of assembly layout

-Material handling and other 

support equipment

-Location and size of 

inventory buffer

Throughput

Utilization of Workers

Total assembly time

Most influential Human 

factors Identified affecting 

human centred 

performance

Figure 5: Conceptual model of this study 

Figure 6 illustrates the research methodology of this study. A literature review was carried out and 

critical human factors affecting human centred assembly performance were identified. 

Subsequently, an industrial survey was conducted to complement and validate the findings of the 

literature study. The critical human factors were analysed based on ranking of their influence using 
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the fuzzy extent analysis method. An integrated platform in programming was created 

incorporating the selected human factors of aging and experience into a DES model. A verification 

process to ensure that the mathematical models are correctly embedded in the software package. 

Finally, effects of the key human factors on human centred performance were analysed using the 

desirability-based approach.  

Compare and select most 
significant human factor(s)

Verified?

Verified?

Disseminate findings

Survey

Review Literature

Further study?

No

Yes

Build Mathematical models

Developing human factors 
decision tool

Integrate human factor 
decision tool into DES

Yes

Validated?

Yes

Yes

No

No

No

Build conceptual 
model

Disseminate findings

 

Figure 6: Research methodology 
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1.4.1 Research Assumptions 

Prior to conducting this study, a number of research assumptions were also identified as follows: 

❖ Workers’ physical, physiological and cognitive functions are assumed synonymous with 

worker abilities that correlate with his/her productivity. Other factors involving such as 

individuals’ sedentary lifestyle (smoking, poor diet etc) may also aggravate worker 

performance; however, these factors are not considered in this study. 

❖ Women on average are weaker than men, with their physical strength that accounts for 

approximately two thirds of men (Chaffin, 2006); the trend in the decline of women's 

physical abilities are assumed the same as men. 

❖ Individuals are born from different cultural, social and health conditions which may have 

a positive or negative implication on their performance. However, these effects are not 

considered in this study. 

❖ Other factors such as family and care obligations, motivation, job knowledge which may 

affect human worker performance are not considered in this study.  

❖ It is not considered in this study for factors relating to physical working environment such 

as noise, vibration, illumination, indoor temperature and humidity that may also affect 

human performance in a shop floor.  

❖ Although there are several DES packages available for manufacturing systems design and 

evaluation, Enterprise Dynamics was selected and used for part of this study. 

❖ The minimum age of a worker performing assembly operations is 20 years old. 

❖ This study like many literature investigating learning in learning in assembly operations 

considers 80% learning rate. However, Jaber (2001) cautined the application of uniform 

learning rate.   

1.5 Thesis Structure 

Chapter 1 introduces research background, motivation of the study, and the structure of the thesis. 

Chapter 2 presents a comprehensive literature study, which covers topics including manufacturing 

processes, and human factors focusing on its impact on human centred assembly performance. In 

Chapter 3 critical system performance indicators, which are affected by human factors were 

evaluated and the most significant human factors were identified using the fuzzy extent analysis 

method. Chapter 4 presented theoretical analysis: mathematical models were used to determine the 

influence of aging and experience of human workers on human centred assembly performance. 
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Chapter 5 introduces a developed human factors decision tool (namely AutoHmot) aims to enhance 

the capability of a DES tool evaluating manufacturing system performance by considering the 

effects of human factors: the developed tool was made to interface with an established DES model 

using Enterprise Dynamics simulation package. Chapter 6 summarises the research conclusions 

providing general findings, findings from academic and practical perspective, limitations of the 

study and suggestions for further study.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 
 

14 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

CHAPTER II 
 
 
 
 

LITERATURE REVIEW 
 

 

 

 

 

 

 

 

 

 

 



 
 

15 
 

2.1 Introduction 

This chapter introduces manufacturing system and processes, general concept and strategies. It 

also presents modelling and simulation techniques in manufacturing, application areas of 

simulation; simulation software packages; simulation software selection; java programming 

language and discrete event simulation for human centred assembly systems.  

2.2 Manufacturing Processes  

Manufacturing comes from a Latin word manu which stands for “made”, and factus for “hand”, 

the two words gives a combine meaning of ‘made by hand’. Manufacturing involves a physical 

and or chemical process leading to changes of material properties:  such as shape, appearance and 

or their mechanical behaviour. Manufacturing processes can be classified as dividing, subtraction, 

transformation and additive processes. Dividing process involves parts of working material that is 

separated (e.g. sawing process) from the remaining part. Subtracting process includes any process 

through which part of working materials is removed by force (e.g. Machining process). 

Transformation process is involved in altering geometrical properties of working materials without 

reducing mass (e.g. forming, heat treatment). Additive process is relatively new manufacturing 

process where successive layers of materials are added until a desired product is obtained (e.g. 

rapid prototype, injection moulding). Manufacturing process can also involve an act of joining 

more than one part to form a desired entity, this process is also called assembly. Assembly 

operations can either be permanent such as welding, riveting, adhesive bonding etc., or temporary 

joining using bolt and nuts, screws etc. as depicted in Figure 7.  

Welding

Adhesive 

Bonding

Brazing 

and 

Soldering

Threaded 

Fasteners

Permanent 

Fastening 

Methods

Assembly 

Operations

Permanent 

Joining Process

Mechanical 

Fasteners

 
Figure 7: Assembly operations 
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2.3 Production Methods in Manufacturing Systems 

Figure 8 shows different production methods to select based on production volume and product 

variety. The basic production methods can be categorised as job shop production, batch production 

and flow production. 

Flow 

production 

process

Mass 

production 

process

Batch 

production 

process

Job shop 

production 

process

Volume

V
ar

ie
ty

 

Figure 8: Production volume vs production variety for selection of production methods   

 Job shop production is a production method of manufacturing system involving the production of 

high variety and low volume products using general-purpose machines or flexible equipment often 

operated by highly skilled workforce. In a job shop production, machines with similar functions 

are grouped together, it is designed with maximum flexibility to deal with a wide range of product 

variations. In a batch production, products which require the same or similar processes are grouped 

into a family called batch. A batch of one type of products is made, after which the manufacturing 

equipment requires changeover to produce a batch of the next products and so on. The same 

equipment can be shared among multiple products. It is commonly used for making stock situation 

in which items are manufactured to replenish inventory that has been gradually depleted by 

demand. One of the limitations of batch production is that changeover in physical setup and/or 

equipment programming is required because the differences in part or product style are significant 

enough that the system cannot cope unless changes in tooling and programming are made.   

Flow line production is a synonymous production method often referring to assembly lines. 

Stations are arranged in sequence with required set of equipment according to predefined 

manufacturing processes. Final products are built up chronologically down the line. Due to 
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changing nature of the current manufacturing systems, the traditional single line of flow production 

system is often structured as mixed model assembly lines to accommodate product variety at 

minimum possible costs (Zhu et al. 2008).  

 

2.4 Manufacturing Systems Inventory Control Strategies  

Lean manufacturing is an inventory control approach aimed at eliminating waste in every area of 

a manufacturing system by identifying any act or activity that does not add value to a 

manufacturing process. These wastes include, waste due to transportation, waste due to inventory, 

waste due to movement, waste due to waiting, waste due to overproduction, and waste due to over 

processing (Groover 2013). A lean manufacturing system is also called a pull system in which the 

inventory control strategy is a just in time (JIT) method using a Kanban inventory control system 

which is held at each stage of production indicating a movement of an item within a system 

(Venkatesh 1996).  JIT manufacturing aims to increase productivity and efficiency by reducing set 

up time, lead-time, queue length, and product defects (Just in Time 2012). Figure 9 illustrates 

material flow in a pull production method that manufactured products move forward, and Kanban 

(cards) permits production of parts by transporting Kanban backward. (Groover 2013). This 

method can reduce holding costs of ordered parts for production (Mohd 2013).  

Operation 1 Operation 2 Operation n

Deliveries Deliveries

Orders Orders

Customer

Orders

Deliveries

Supplier

Deliveries

Orders

 

Figure 9: Pull production method 

Contrary to a pull production, a push production control strategy is illustrated in Figure 10. Push 

production method uses material requirement planning (MRP) through the forecasted demand.  
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Figure 10: Push production method   
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As illustrated in Figure 11, determines how much raw material to order, and when to order 

according to prediction of demands of products based on data of bills of materials, inventory, and 

master production schedule to compute the net requirement for materials and components needed 

for manufacturing a product. Master production schedule provides information on what is needed 

to be produced in precise configuration, date and quantity (Favaretto & Marin 2018). Material 

requirement planning, however, depends on the accuracy of the information from the forecasted 

demand. Therefore, MRP may require capacity analysis to provide a more viable manufacturing 

plan (Singh 1996). 

 

Figure 11: Material requirement planning  

2.5 Assembly Operations and Systems 

Assembly operations constituted over half of total production time of manufactured goods, and 

constitutes about 20% of unit production costs, of which about 50% is used for the intermediate 

and final process of assembly (Nof, et al. 1997). Figure 12 shows time distribution associated with 

assembly set up (such as fixing, retrieval etc.), assembly process, and assembly support activities 

(such as quality management, design for assembly, facility support etc.), respectively (Martin-

Vega et al., 1995). 
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Figure 12: Distribution of production time (Nof, Wilhelm, & Warnecke 1997) 

Assembly operations can be characterised as manual assembly, semi-automated assembly and 

automated assembly. Figure 13 shows assembly methods in relation to production volumes, batch 

sizes, variance, and flexibility. 

 

 

 

 

 

 

 

 

 

Figure 13: Assembly operations classifications (Heilala & Voho 2001) 

Table 1 presents five assemble models, these models are described as chain assembly; base 

assembly; arithmetic assembly; geometric assembly and combinatorial assembly. N is assumed as 

total number of components to be assembled and n as the number of steps or operations to be 

executed (Nof, et al. 1997).  
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Table 1: Models of assembly operations  

Assembly model Graphical 

description 

Model variables Assembly example 

Chain assembly  

 

N parts, N steps Stacked rings; 

telescope 

Base assembly 

 

N parts, 2 steps N-1 chips inserted to 

a circuit-board 

Arithmetic assembly  

 

N part, n steps at d 

constant addition 

n-step assembly 

Geometric assembly  

 

N part, n steps at r 

constant multiplier 

n-step assembly 

Combinatorial 

assembly 

 

 

N part, n parallel 

steps by an 

assembler 

Riveting a rivet at a 

time 

Assembly lines are flow oriented production system where working material moves according to 

their precedence until last task is accomplished. An assembly is configured based on: assembly 

operation method, types of layouts used, workflow, and models of products to be produced as 

shown in Figure 14.  



 
 

21 
 

Assembly line 

LayoutProduct

Work flow
Entity 

performing 
the task

 Manual /human centred assembly lines
 Semi Automatic assembly lines
 Automatic assembly lines

 Parallel assembly lines

 Serial assembly lines

 U-shape assembly lines

 Walking worker assembly lines

 Single model assembly lines

 Mixed model assembly lines

 Multi model assembly lines

 Paced assembly lines

 Unpaced assembly lines

 

Figure 14: Assembly line classification 

2.5.1 Manual/Human Centred Assembly Systems  

Lassila et al. (2005) observed that the performance of a manufacturing cell depending greatly on 

individual human workers who operate the cell regardless of its automation level. It has been 

reported that approximately one third of all German companies that had invested heavily in 

automaton recognized that these solutions are not flexible enough and have reduced the level of 

automation; 38% of these companies have reduced automation by taking advantage of a more 

efficient use of skilled workforce (Wang, Reda, & Abubakar 2018). Mercedes-Benz is relying 

more on human workers for assembly and, Honda car maker uses robots in final assembly where 

workers are still employed to install motors, wheels and trim components (Lippert 2018). 

Assembly operations involves a process of such as gripping, picking, inserting, positioning, 

fastening, checking parts usually being carried out in a pre-defined assembly sequence along 

production line. It accounts for about 50% of total production time and 20% of total unit production 

cost (Samy & Elmaraghy 2010). Manual or human centred assembly systems utilise human 

capabilities or skills as the main driving source for productivity. In a semi-automated assembly 

line, assembly work is mainly executed by machines operated by human workers is still considered 

as human centred assembly systems. Human centred production systems are one form of 

production system that can deals with variations in term of product mix and production volume as 

human workers can always adapt to production changes with varying demands from the 

competitive market. The performance of this type of systems, however, largely depends on humans 

(or human performances) rather than machines. Table 2 shows a number of the relevant studies 

investigating the impact of human factors on human centred manufacturing systems.  
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Table 2: Studies investigating the effects of human factors on human centred systems 

Author Activity (principal task)  Performance measures  

 

(Wang et al, 2012) Human centred assembly 

system  

Throughput 

(Bainess & Kay, 

2002) 

Human centred assembly 

system 

Cycle time, Rejection 

rate, Task completion 

   

(Baines, et al., 2004) Manual assembly 

operation 

Throughput 

   

(Bainess, et al., 

2005) 

Manufacturing system A theoretical framework 

   

(Shafer, et al.,, 2001) Manual assembly 

operation 

Throughput 

   

(Digiesi et al., 2006) Manual assembly 

operations 

In process inventory, 

Throughput 

 In manual assembly operations, tools and parts are routed to a workstation in preparation for 

assembly tasks, assembly operations are primarily performed by human workers using their 

inherent dexterity, skills and judgment (Schnbo & Stock 2010). A walking worker assembly line 

is considered as a dynamic, highly flexible and responsive lean manufacturing system. Unlike 

conventional fixed worker assembly systems where each worker stays at a station to repeatedly 

carry out an assigned (often single) task, a walking worker is cross-trained to perform and complete 

a number of assembly tasks and each worker together with their assembled product moves down 

the line by visiting each station until the end. Figure 15 illustrates a comparison using fixed 

workers and walking workers on manual operations. Such a system performance, however, largely 

relies on the varying performance of individual workers whose behaviour alter over time due to a 

number of reasons including effects of human factors in terms of physiology, psychology and 

sociology (Bainess & Kay 2002; Baines et al. 2004; Taylor & Robinson 2006, Wang et al. 2009; 

Wang et al. 2013; Perez et al 2014, Neumann & Medbo 2017).   
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Figure 15: Fixed workers vs walking workers on manual assembly operations 

2.5.2 U-shape Assembly Lines 

Flexibility is highly desirable for an assembly line design to cope with products variations, 

minimise production cost and handle uncertainty in such as product mix or volume. Flexible 

workforce plays a key role in a human centred assembly system in terms of system flexibility and 

responsiveness, improvements of production efficiency and elimination of production wastes 

therefore costs (Simaria et al. 2009). Miltenburg & Wijngaard (1994) summarized the prevailing 

advantages of   U-shaped assembly lines where tasks are grouped into stations, and, each assembly 

operator can handle more than one station or task. Thus, in this type of manufacturing systems, 

workers are cross trained to perform multiple tasks rather than a single task in conventional 

manufacturing systems. In U-shape assembly line quality issues can be resolved on time due to 

improved visibility and communications as a teamwork between operators. In contrast to serial 

assembly lines, the number of workers on a U-shaped assembly line can be less than the number 

of workstations depending on varying output demand. This is because the capacity of a U-shaped 

assembly line can be achieved by adjusting the number of multi-skilled workers in response to the 

varying demands. Figure 16 (a-b) illustrates two different configurations of U-shape assembly line. 
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Figure 16a: U-shape assembly line (linear) 

Where: 

𝑊𝑗: Worker (j = 1, 2…n) 

𝑊𝑠: Work station (s = 1, 2…n) 

TD: Travelling distance between stations for worker j (X and Y directions) 

                      : Return distance for Worker j 

                       : Cross over distance for worker j 

 

 

 

 

 

 

 

 

 

 

 

Figure 16b: U-shape assembly line (cross over) 
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2.5.3 Walking Worker Assembly Lines (WWAL) 

Figure 17 illustrates a walking walker assembly line where workers are cross-trained to execute 

assigned assembly work by walking down the line to assemble a product from start to end. When 

an operator reaches downstream to the end of the assembly operation, he/she withdraws and travel 

back to the front end of the assembly line to start with a new product. The previous studies show 

that walking walker assembly lines outperform conventional fixed worker assembly lines with 

system flexibility, efficiency and responsiveness. For example, the number of walking workers on 

the line can be adjustable in response to varying demands as a daily output. A higher utilization of 

individual workers can be achieved even with a decrease in the overall production output. The 

system has capability for self-balancing, and, therefore costs associated with storage buffers can 

be reduced or eliminated (Wang 2013; Wang and Abubakar 2017). However, among the 

limitations of walking worker assembly lines are that the system needs multifunctional, dynamic 

and cross-trained workers to perform all the required tasks efficiently, and the level of cross 

training level of workers may be at the expense of cost. Most importantly, the overall system 

performance may alter due to varying performance of individual workers who have such as 

different ages and experience. 
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Figure 17: Walking worker assembly line    

𝑊𝑗: Worker (j = 1, 2…n) 

𝑊𝑠: Work station (s = 1, 2…n) 

TD: Travelling distance  

                   : Return distance for Worker j (j = 1, 2… n) 
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2.6 Flexible Systems in Manufacturing  

The manufacturing environment has been being confronted with overwhelming pressures more 

than ever since as a result of the increase of global competitiveness and preferences of customer 

demands for smaller lot size, shorter lead-time, high quality and low cost. Manufacturing 

companies therefore consistently improve manufacturing systems’ flexibility to accommodate 

varying changes of demands. Flexibility in manufacturing systems entails set of variables in 

varying products, processes, operations, volumes, and quality that allows the system to cope 

without interruptions in production. Groover (2001) identifies three capabilities that a 

manufacturing system must possess; the ability to identify and distinguish among the different 

parts by the systems; quick change over of operating instructions; and, quick changeover of 

physical setup. Table 3 provides different viewpoint on manufacturing systems flexibility.  

Table 3: Different perspectives of flexibility in manufacturing 

Manufacturing    

flexibility 

Definition Publications 

Manufacturing flexibility The ability of manufacturing system to 

cope with increasing number of products 

and variety by given a greater attention to 

time and cost. 

Das 2001; (Vokurka 

& O’Leary-Kelly 

2000) 

Process flexibility Ability to produce a set of 

components/parts with a minimum set up. 

Gupta & Somers 

1996; Gupta & 

Somers 1992; Sethi & 

Sethi 1990  

Product flexibility Ability to adjust and produce a set of 

products(s) with a minimum time and 

cost. 

Chryssolouris 1996; 

Gupta & Somers 

1992; Sethi & Sethi 

1990 

Production flexibility Range of part types that the system can 

process without the need of expansion. 

Toni, 1998; Gupta & 

Somers 1996; 

Sethi1990 

Operation flexibility Range in which sequence of operation for 

a product can be interchange within a 

Chryssolouris, 1996; 

Gupta & Somers 
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system without altering the quality or 

quantity of the product.  

1992; Sethi & Sethi 

1990 

Machine flexibility Range of operations that a machine can 

perform, and the ease at which it can 

change from one operation to another with 

a minimum cost and time. 

Gupta & Somers 

1996; Gupta & 

Somers 1992; Sethi & 

Sethi 1990 

Design change flexibility The ease with which an existing design 

can be modified. 

Slack, 2007 

Quality flexibility Ability of a system to change planned 

quality level. 

Slack 2007 

Volume flexibility Range of volume output that a system can 

produce with a minimum cost. 

Souza 2000; Gupta & 

Somers 1992; Sethi & 

Sethi 1990 

Material handling 

flexibility 

The capacity of the material handling 

systems to deliver part efficiently to a 

proper position. 

Souza 2000 

Routing flexibility Range of multiple routes that different 

batch of dissimilar products that can be 

processed with a minimum amount of time 

and cost. 

Zhang, 2003; Gupta & 

Somers 1996; Gupta 

& Somers 1992; Sethi 

& Sethi 1990 

Expansion flexibility Ease with which manufacturing system 

capacity and capability can be enlarged 

when desired.  

Gupta & Somers 

1992; Sethi & Sethi 

1990 

Labour flexibility Ability of the workforce to execute a wide 

variety of value-added tasks at a minimum 

cost and time. 

Zhang 2003 

Market flexibility The ability of the manufacturing systems 

to adapt to the fluctuating market 

environment. 

Gupta & Somers 

1992; Sethi & Sethi 

1990 

Delivery flexibility Ability to accommodate changes in the 

planned or anticipated delivery dates. 

Slack 2007 

2.7 Human Factors 
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International Ergonomics Association (IEA) defines human factors/ergonomics as scientific 

discipline that applies theory, principles, data and methods in understanding the interactions 

among humans, and, other elements of a system (Zink 2006). It involves identifying the physical 

and psychological needs of the work, thereby fitting the people to the task(s) rather than fitting the 

task(s) to the people (Helander 2006). The aim of ergonomics is to increase efficiency, 

productivity, comfort, safety, reduce injuries and errors of individuals (Garg 1991). Human factors 

study interactions between human and machine focusing on system performance that is affected 

due to human psychological issues and how the design of things influences people, contrary to the 

engineering norms where the emphasis is strictly on technical elements (Helander 2006). The 

overall objective is to apply relevant data relating to human capabilities, limitations, 

characteristics, behaviour, and motivation to the design for people use and the environment in 

which they use them (Sanders & McCormick 1992). Helander (2006) defined human factors as 

the way in which information about human behaviour, abilities, limitations, and other 

characteristics are unveil and applied to the design of tools, machines, systems, tasks, jobs, and 

environments for productive, safe, comfortable, and effective human use.  

On the other hand, Law & Kelton (2000) described a system as a group of dependent/independent 

objects coming together to achieve a specific objective(s). The essential nature of people’s 

involvement in a system is an active one (Sanders & McCormick 1992).  Therefore, from systems 

perspective Human factors can be described in Figure 18, it depicts the interactions between 

environment, operator and the physical entity for safety and productivity. In a human and machine 

system, the independent object can be considered as human (operator), while the dependent object 

can be a tool that human (operator) might use in achieving desired objectives. Environment in 

which an activity occurs can also be embedded into the system. 
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Modulating variables:
Age, Experience, physical work capacity, 

motivation/job satisfaction, reaction time, general 
cognitive abilities etc.

Sensing
Information 
processing

Control

Control tool(s)

Performance 
requirement

Performance limitations:
Defects Injuries
Accidents  etc. 

Performance capabilities:
Quality output

Min. cycle time etc.
 

Figure 18: Ergonomics systems model for measurement of safety and productivity (Sanders & 

McCormick 1992; Helander 2006) 

Environmental factors refer to a physical working environment that may affect worker 

performance, this involves such as noise, vibration, light, and indoor air quality, temperature and 

humidity) at a workplace (Bainess, et al. 2005). Several variables influence human performance 

including age, experience, motivation, physical work capacity, general cognitive abilities etc. these 

variables affect how information is processed (including decision making), which in turn results 

in some action that govern how a task a task is performed (Sanders & McCormick 1992). In 

addition, social environment in such as hostile relationships with colleagues can be a source of 

potential psychological work factors that may lead to worker stress (Crayon, Smith, & Haims, 

1999). These factors can also reduce productivity and increase discomfort (Mital et al. 2017).  

2.7.1 Effects of Human Factors on Human Performance  

The study of human factors on human performance has been an active research topic in different 

scientific domains. Govindaraju et al. (2001) investigated the relations among ergonomic work 

conditions, human performance and quality of products based on a number of case studies. Giniger 

et al. (1983) examined the influence of aging, physiological and cognitive abilities on human 

performance and observed that both cognitive and physiological decline due to aging can be offset 

by experience. By contrast, Hunter (1986) argued that some cognitive abilities may decline with 

age, while others may stabilise over the life cycle, although fluid abilities (such as reasoning and 

working memory) can decline over age. However, crystallised abilities, which depend on 
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accumulated knowledge, tend to remain stable (Zwick & Gobel 2009; Deary et al. 2001; Warr 

1994). Hunter et al. (1996) observed that a higher human performance can be attained by people 

who learn and transfer their skills to new tasks, although varying levels of individual performance 

may depend on their individual learning rates. Hunter (1986) concluded that general cognitive 

ability may determine human performance, it controls human capability with how much and how 

quick a person can learn. A study by Belbase & Sanzenbacher (2016) indicated that even workers 

with less ability to process information might also maintain productivity with the advancing age.  

Zwick et al.  (2009) observed that the average muscle strength of a human decreases by roughly 

10% per decade from 20 to 60 years old, 15% from 60 to 80 years old and 30% after 80 years old. 

This may be due to aerobic capacity that reaches its peak at ages of 20s; after these ages it declines 

by around 1% per year. Shephard (2000) reported that age affects the occupational performance 

of older individuals due to their decline in aerobic power. Moreover, Wang et al. (2012) stated that 

some costs in production might incurred due to learning and forgetting of human operators who 

offer flexibility and responsiveness of a manufacturing system. Reagans et al. (2005) examined 

the relationship between worker experience and human learning and forgetting; it was observed 

that effect of forgetting was not significant when dealing with relatively fewer complex tasks. A 

study shows that human reaction time tends to be fastest at the age of 20 years old; after this age, 

it declines slowly until the age of 60 years old. It declines much faster after age of 70 years old 

and onwards. The study also shows that the reaction times of females are more volatile, compared 

to males (Deary et al. 2001). Doroudgar et al. (2017) used a simple visual reaction test to measure 

reaction times between a group of younger adult drivers from 18 to 40 years old and a group of 

older adult drivers over 60 years old. The experimental result shows that the group of older drivers 

had the significantly poorer performance in reaction time leading to slower driving speed and more 

accidents.  

Adam et al. (1999) investigated the relationship between general cognitive abilities and reaction 

time and concluded that there is a correlation between intelligence and reaction time, which, for 

males, it is faster than females in almost all aging groups. However, Berg et al. (2006) stated other 

issues of such as distraction and mental fatigue could affect human reaction time. A study by 

Broadbent (1971) indicated that human activity, which requires visual alertness, can be affected 

by sound, which distracts information intake and analysis. Avolio et al. (1990) used polynomial 

regression analysis to predict worker performance relating to their age and experience; indicating 

that experience rather than age that determines human performance. Schmidt et al. (1986) 

developed a model using a path analysis approach to examine the underlying influence of worker 
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experience and job knowledge. Their study suggested that worker experience is the most 

influential factor affecting human performance. Study by McDaniel et al. (1988) indicated that 

there is a direct relationship between job experience and job performance regardless of the 

complexity of the task involved. Llmarinen (2001) observed that aging might negatively affect 

general cognitive abilities of workers but positively affect their experience; physiological abilities 

might decline due to aging; but it can be offset by experience gained on the task as age increases. 

However, despite the decline of both cognitive and physical functions of a human worker due to 

aging as observed by some researchers. Giniger et al. (1983) and Stead et al. (1983) argued that 

the influence is not significant, aging workers may attain satisfactory job performance by applying 

cautions and restraints while performing tasks.  

Zwick et al. (2009) stated that human performance is affected more positively by experience than 

aging. Kenny et al. (2015) investigated the physiological effect on decline of aerobic and 

musculoskeletal capacity due to aging; the study shows an average drop of 20% of physical work 

capacity at ages from 40 to 60 years old. A study by Avolio et al. (1990) shows experience rather 

than age of older workers is the key factor determining human performance as job experience of 

worker may offer an equal or even higher performance in comparison with their younger 

counterparts. In particular, the effect of experience appears to be more significant when performing 

a complex task. Rhodes (1983) suggested that human performance is more affected by age and 

Waldman et al. (1986) challenged some of Rhodes’s conclusions arguing that the method used for 

the study may lead to unclear or even wrong interpretations. Furthermore, a study by McEvoy et 

al. (1989) showed that there is no clear relationship between age and job performance. Waldman 

et al. (1986) suggested that the effects of age and experience on performance might be subject to 

the cognitive demand of a task. Stanley (1985) investigated the influence of age on productivity of 

individuals and concluded that the effect of age on job performance may depend on the complexity 

of a task, as task complexity requires a strong mental capability that may deteriorate with ageing. 

A study by Skirbekk (2008) showed that performance of individuals might differ for many reasons; 

this includes length of work experience, cognitive abilities, physical abilities and other relevant 

factors (such as environmental factors). The term of human factors in this study refers to describe 

inherent human attributes that may have significant impact (positive/negative) to human actions. 

Human factors considerations in manufacturing systems design can enhance both workers well-

being as well as overall system performance. For assembly operations, highly repetitive and 

monotonous activities are involved with a little personal control, low job satisfaction, and high 

physical and mental stress (Melin et al. 1999). In manufacturing systems, societal aspect of 



 
 

32 
 

sustainability can be sustained through effective work design condition, maintaining a safe and 

healthy working environment of workers preventing them from occupational injuries (Jensen, 

2002). 

2.7.1 Relationships between Human Factors and Sustainability 

Sustainable involves preserving three elements of economy, society and environment (Marco & 

Taisch, 2012). It involves development that meets the needs of the present without compromising 

the ability of future generations to meet their own needs. However, there is debate on how 

sustainable development can be implemented (Marco & Taisch, 2012; Thatcher & Yeow, 2016). 

Nearly 2.3 million workers die because of occupational accidents and work-related diseases each 

year (Theberge & Neumann, 2013). The direct cost of work accidents and diseases is estimated 

around 40 billion Norwegian krone in Norway and £19 billion (Niu 2010). A study by the 

European Commission estimates that the costs of occupational accidents alone in the 15 European 

member states in 2000 were €55 billion a year (Niu 2010). These annual losses resulting from 

work-related diseases and injuries takes an average of 4% of the total GDP of all the countries in 

the world (Niu 2010). In assembly operations, workers are exposed to work within a specified pace 

performing repetitive tasks, this may also lead workers to fatigue as a results of insufficient muscle 

recovery, resulting to work related musculoskeletal disorders (WMSDS) due to repetitive hands 

movement and wrist and/or forceful insertion (Chaffin 2006). Figure 19 illustrates relationship 

between human factors and sustainability. Human workers play a significant role sustainability in 

environment, society and economy. Nevertheless, human elements are often not considered in a 

design process, their physical work capacity and other limitations are ignored, making physical 

systems that operate without thoughts of human involvements. These limitations at the initial 

design phase might also result to such as work injuries, worker turnover, lost time (due to injuries), 

costs (due to insurance), hiring and training of new staff and likely cost due to lawsuits and 

compensations. Subsequently, products with poor quality may be produced, incurring further cost 

for warranty and so on (Peruzzini 2019).   
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Figure 19: Relationship between human factors and sustainability 

2.8 System Modelling and Simulation  

Law (2007) described system as a collection of entity towards the accomplishment of some logical 

conclusion(s). To understand system performance, the characteristics of the system describing its 

behaviour has to be specified. Information and knowledge relating to the changing conditions of 

systems is crucial for the survival of any organisation. However, complexity and uncertainty in the 

system may act as a barrier to gathering such knowledge and information. Complexity related to 

assembly operations may include units or number of parts to be assemble, their features, and or 

process set-ups. Uncertainty may be associated to the variations in processing times, machines 

break down and repair, change in product demand etc. (Hinckey 1994; Schnbo & Stock 2010; 

Samy & Elmaraghy 2010). Law, 2007 define simulation as the practice of imitating and observing 

the behaviours of a system in a mathematical and logical form (of such a system) in order to gain 

an understanding of its performance aims at getting information about how it behaves, without money 

commitment in a real-life facility of the process. Simulation can be performed manually. Though, 

most meaningful simulations are done with computer (Hlupic 2000). To perform this practice 

(simulation) some assumptions have to be made either in a carefully worked out or common-sense 

procedure: the development of these assumptions is called a model. Generally, simulation is one of 

preferred techniques to aid understanding the behaviour of a system (Nordgren 2001). Figure 20 
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shows the relation between a system and its model using different modelling and simulation 

techniques.  
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Figure 20: Relation between a system and its model using different modelling and simulation 

techniques (Law & Kelton 2000; Ferro, Ordóñez & Anholon 2017) 

Primarily, the performance of any system can better be studied on its real form. However, this may 

not be quite attainable: the system can be disturbed, and cost or time might be incurred. 

Alternatively, models imitating essential characteristics of the system are often developed and 

studied. To study models as a surrogate of the actual system, physical or mathematical models are 

used: Physical models are iconically built to mimic system’s behaviour for the purpose of 

experiments to be undertaken. Analytical models provide for logical representations or 

assumptions based on quantitative variables to observe consequential change in the system 

performance, these models are preferred in systems’ studies providing more precise and accurate 

outcomes on system behaviour. Among limitations of using mathematical models for 

manufacturing systems simulation is that: almost all real-world systems contain one or more source 

of randomness (Law & Kelton 2000). Randomness is common occurrence in manufacturing 
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systems, in an assembly lines for instance randomness occurs due to set up times, arrival times of 

entities (i.e. parts or raw material moving through the system), processing or assembly times, 

machines breakdown or repair times etc. and therefore modelling these kinds of systems requires 

a greater degree of simplifications. Moreover, due to random behaviour of discrete operations the 

objective functions may not be expressible as an explicit function of the input parameter (Wang & 

Chatwin 2005), therefore, one must resort to simulation. Generally, simulation is classified into: 

static; dynamic; stochastic; and deterministic. A static simulation represents a study of a system 

which time variables has no significant effect on the system performance. While dynamic 

simulation involves a study of system which time has a considerable impact on the system 

performance. A situation in which the occurrence of events or change of the system’s state cannot 

be predicted is regarded as stochastic simulation: in this type of systems the occurrences resulting 

to the change of systems’ state is represented by probability distributions. On the other hand, 

deterministic system is one whose behaviour is entirely predictable (Pidd, 2004; Banks 1991; Law 

2007). A typical modelling and simulation approach for understanding systems’ behaviour is 

attached in Appendix D1 and D2.  

2.8.1 Verification, Validation and Calibration of Simulation Model 

After a simulation model is established it has to pass through a process for model verification and 

validation. Validation is among the challenges of simulation analysis as it reflects on the reliability 

of the model to an acceptable level to be used for decision making (Banks et al. 2010). Verification 

on the other hand is concerned with making sure that the conceptual simulation model has been 

correctly translated into a computer program. Verification of simulation model can be achieved by 

debugging modules or subprograms; running the simulation under a variety of settings of input 

parameters and check to see that the output is reasonable under a simplifying and known 

conditions; or, observing the simulation output using animation Figure 21 shows phases in model 

validation and verification (Law 2007; Law & Kelton 2000).  

 

 

 

 

Figure 21: Validation and verification of simulation model  
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Calibrating a simulation model is performed by comparing the real system with the initial model 

and make minor or major modification(s) to the model; this process is performed often several 

times in an iterative manner using subjective or objective tests Figure 22 shows iterative process 

of calibrating a model (Banks et al. 2010).   

 

 

 

 

 

 

 

 

Figure 22:  Iterative process of calibrating a model    

Objective test involves the utilization of data on the real system behaviour, in addition to the 

corresponding data produced by the model. A statistical analysis is then conducted comparing 

some attributes of the model set. This iterative process is aimed at comparing and revising both 

conceptual and operational models in accommodating any perceived model deficiencies until the 

model is judged sufficiently accurate.  

2.8.2 Application Areas of Simulation  

Despite advances in technology with smaller, cheaper and more powerful computers, simulation 

can be regarded as a last resort (Pidd, 2004). Simulation is preferred when the system behaviour 

is too complex for analytical models to give meaningful outcomes, especially when costs, time, 

safety, and/or legality are leading constraints (Pidd, 2004). Simulation is widely used for 

manufacturing systems design, planning and control, operational policies and performance 

analysis. Below outlined ideal situations for simulation applications (Smith 2003; Banks 2010; 

Law 2007; Law & Kelton 2000; Jayaraman & Gunal 1997): 

✔ Simulation is most preferred in studying systems interactions within a complex system, 

where the relationships surrounding the system behaviour is difficult to establish.   
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✔ Simulation is used to observe systems’ transformation difficult to understand due to non-

availability of an effective analytical approach that can provide satisfactory results. 

✔ Simulation is applied to study unstable systems’ conditions or for the designing of new 

system with substantial alteration in physical layout allowing for “what if scenario” to be 

tested to provide a greater insight on the most significant elements affecting system 

performance. 

✔ Simulation methods can be used as a cost-effective approach to study interactions within a 

system bringing out multiple alternative without resource (money, time) commitment.  

✔ Simulation can be used to study the behaviour of occurring system(s) without interruption 

of the performance of the real system(s). 

✔ Simulation can be used to make different assumptions relating to a system in a visualised 

form and analysing the significance of the assumptions using statistical inference. 

✔  Simulation technique is used as an effective approach that considers randomness in 

manufacturing systems analysis. 

Simulation is notable applied in a wide areas such as manufacturing, transport, health services, 

defence etc. 

2.8.3 Manufacturing systems applications 

The manufacturing environment has faced more challenges than ever since as a result of the 

increase preferences of customers’ demands and global competitiveness, which require 

developments of a resilient, flexible and responsive production system capable of providing 

products will global appeal (Abubakar & Wang 2018). Manufacturing processes are also complex 

with unpredictable behaviours, these unstable behaviours may introduce variability, preventing the 

processes from operating at their ideal capacity (Wang 2007). Simulation techniques have found 

a vital role in the process, designing and implementation of manufacturing systems. In simulation 

‘what if’ analysis is used to provide greater insight on areas with significant impacts on 

performance measures such as throughput, cycle time, queues, waiting for transport, size of in- 

process inventory, utilization of equipment and personnel, starvation and/or blockage, machine 

failure etc. (Wang & Chatwin 2005). Mourtzis (2019) categorised applications of simulation 

techniques into: the design of manufacturing system; operation of manufacturing system; 

manufacturing system; and, design and operation of manufacturing system. His study explored 

trends in publications on these areas over the period of 58 years as showed in Figure 23. 
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Figure 23: study on the applications of Simulation on manufacturing system (1971 – 2018) (1971 

– 2018) (Mourtzis (2019) 

Most recently a number of literatures used simulation on different aspect of manufacturing system. 

Chen et al. (2019) used a simulation model to study the influence of order release methods on 

unpredictable and variable manufacturing system. Adane et al. (2019) investigated the 

performance of manufacturing system under the influence of variable inputs (such as volume of 

products), their study suggests that simulation can be an effective and efficient tool in 

understanding the behaviour of dynamic complex manufacturing systems. From Industry 4.0 

perspective Uriarte et al. (2019) used comprehensive literature review analysis to explore existing 

frameworks for combining lean strategy with simulation technique providing informed decisions 

on the design and improvement of manufacturing systems. In the same vein, Detty & Yingling 

(2000) used simulation technique to assess the benefit of lean manufacturing strategy on an 

existing assembly system. Sujova et al. (2019) focus on the realization of industry 4.0 using 

simulation technique, and suggests the application of simulation in the actualisation of industry 

4.0. Gola (2019) used simulation technique to study different machines configurations under 

uncertainty. Munyai et al. (2019) combined simulation and value stream mapping to study 

throughput in a steel shaft manufacturing environment. Additionally, Ore (2019) used simulation 

tool to investigate concern over human operators’ safety in collaborations with industrial robots.  
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2.8.4 Health care applications 

In health care systems huge costs may be involved on particular treatment or technology. And, 

therefore, health care managers may use information beforehand in making decision or prioritising 

treatment or technology. Simulation is endorsed by the National Institute of Clinical Excellence 

(NICE) to support economic evaluations and making recommendations for the use of new 

technologies. Simulation is also observed to be an effective tool for ranking new drugs and other 

technologies to be funded in most part of United Kingdom (Cooper et al. 2007). Due to nature of 

health care systems where “everything affects everything else”, simulation techniques are also 

used for modelling infectious diseases where the probability of an individual to be affected by the 

disease depends on his/her interactions with other people or availability of people already affected 

by the disease (Viana et al. 2014; Barton, Bryan, & Robinson, 2004). To enhance cost, quality and 

throughput in the emergency department at major United Kingdom hospitals, Vile et al. (2017) 

suggests simulation as an effective tool in the design and management of patients overcrowding 

in hospitals emergency departments. Demir et al. (2018) also used simulation techniques to 

investigate the significance of new processes and medical technology in curtailing cataract disease 

occurrences in United Kingdom. In their study Lebcir et al. (2017) used simulation to predict the 

significance of increased community services on the performance of Parkinson’s disease care 

delivery. Moreover, to aid capacity and resource planning in Australia’s health care system 

Standfield et al. (2019) used simulation technique to predict costs of people living with dementia.  

2.8.5 Transportation applications 

As simulation plays a key role in manufacturing, health etc. likewise transportation. Transportation 

system is different from other systems, in a manner that moving objects interact; condition of one 

object can affect other in the system (Pidd, 2004). In an effort to study airport passengers’ flows, 

Beck (2011) used simulation technique to investigate passenger flows patterns in United 

Kingdom’s airport terminal. Ignaccolo, (2003) used simulation to evaluate airport runway system 

performance identifying delays caused due to hold-up among aircraft flying and landing. 

Simulation tool was also used to provide insight on the significance of baggage volume and alarm 

rate on airport security screening checkpoints (Dorton & Liu 2016). Kim & Kim (2019) 

emphasized that increase in large container ships and port trade volume results to fundamental 

changes in sea ports operations, and therefore used simulation to investigate the performance of a 

proposed mobile harbour system. To enhance container terminal productivity, Sislioglu et al. 

(2019) used simulation technique to suggest optimal investment alternative in the capital cost of 
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container port, enhancing container terminal productivity. Furthermore, as a means of alleviating 

pressure on urban public roads, Tian & XU (2011) used simulation method to evaluate reliability 

of urban bus travel time. 

2.8.6 Defence applications  

Simulation plays a significant role in a wide area of defence operations, spanning logistics 

operations to battle strategies. Niemeye, (2003) classified applications of simulations on defence 

domain as: in the area of operational planning, training and exercises, defence planning, and 

development and engineering: Time horizon for their applications in these areas is shown in Figure 

24. However, due to tactical nature of these areas only few studies are reported in open literature 

(Pidd, 2004).    
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Time Horizon

Defence Planning
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Training and Exercises

Defence Area of 

Application

 

Figure 24: Application area of simulation in defence  

2.8.7 Simulation Techniques 

Prominent simulation techniques are System Dynamics (SD), Discrete Event Simulation (DES) 

and Agent Based (ABS) Simulation: The two techniques of system dynamics and DES may look 

similar in a number of ways and either can perform similar functions (Greasley 2009). There is no 

standard procedure for deciding which of the two techniques (SD or DES) to apply in a given 

situation (Sweetser, 1999). System dynamics attempts to describe dynamic complexity of a system 

using feedback structure: these feedback structure provide a control mechanism comparing the 

output of a system against objective and adjusts to eliminate variance (Greasley 2009). Due to their 
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ability in modelling different entities with different behaviour, DES and ABS are most commonly 

used for modelling human behaviour. In DES a system under study is represented by a series of 

discrete events which evolves with time, providing a greater understanding of the system 

performance using “what if scenario” analysis (Sweetser, 1999). However, despite these benefits 

DES can be disadvantage when it comes to movements and functions of entities in the simulation 

environments. Agent Based Simulation (ABS) can offer a more straightforward and accurate 

solution to these limitations; carefully imitating system behaviour using intelligent, autonomous 

entities (agents), as they interact with the environment to attain the desired goal (Dubiel & 

Tsimhoni, 2005). Greasley (2009) and Tako & Robinson, (2009) provides characteristics and 

applications by comparing DES and SD as shown in Table 4.  

Table 4: DES vs SD  

Factor  System Dynamics  Discrete-Event Simulation 

Purpose Investigate patterns of behaviour in system Investigate operational 

performance of processes. 

Determination of 

Behaviour 

System behaviour determined by 

feedback and accumulation structures 

System behaviour determined by 

stochastic nature and 

interdependency of processes. 

Problem 

Uniqueness 

The problem situation can be related to 

recurring behaviour in all systems 

The problem is unique and data 

is collected to construct elements 

of that system 

Level of 

Implementation 

Usually at managerial/strategic level of 

business 

Usually at operational/tactical 

level of business 

Timescale of 

Analysis 

Months to years in business situations Minutes to days in business 

situations 

Presentation of 

Results 

Statistics showing system performance. Plots 

showing behaviour patterns and feedback loops 

Statistics showing operational 

performance, including tracking 

of individual items. Animation 

showing individual process 

routing 

Aggregation Individual elements aggregated into flows Each individual element can be 

modelled. 

Model Size Small Medium to Large 

Conceptual Model Influence Diagram Process Map 

Focus of analysis Human-based systems Production-based systems 
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Model 

understanding 

The client does not understand the underlying 

mechanics. 

Models (links and flows) are 

transparent to the client. 

Animation Animation and graphic tools help model 

understanding. 

No animation. Visual display 

of model aids model 

understanding. 

Level of detail Emphasis on detail complexity. Emphasis on dynamic 

complexity. 

Feedback Feedback is not explicit. Feedback effects are clear to 

the client. 

Credibility Both models are perceived as representative, provide realistic outputs and 

create confidence in decision-making. 

Learning tool DES models are less used as learning tools. SD models, so-called 

‘learning laboratories’, 

enhance users’ learning. 

Strategic 

thinking 

DES models are mostly used in solving 

operational/tactical issues. 

SD models aid strategic 

thinking. 

Communication 

tool 

Both DES and SD models are seen as good communication tools and 

facilitate communication with the client. 

Nature of results DES provides statistically valid estimates of 

system’s performance. Results aid 

instrumental learning. 

SD model results provide a 

full picture of the system. 

Results aid conceptual 

learning. 

Interpretation of 

results 

More difficult, requires users to have 

statistical background. 

Outputs are easily interpreted, 

little or no statistical analysis 

is required. 

Results 

observation 

Randomness/variation of results is explicit. Generally deterministic 

results, which convey causal 

relationships between 

variables. 

A number of simulation tools exist: Appendix D2 to D5 presented types of simulation software 

packages and framework for selecting appropriate simulation software package for particular 

application and the ranking of positive features of simulation software based on literature study. 

For human factors evaluation, digital human modelling (DHM) techniques are used for 
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manufacturing systems design to study implications of human factors that have impacts on system 

performance at earlier design stage. DHM is used to assess human capacity limitations, identify 

risks of worker injuries and work-related musculoskeletal disorders with limited number of design 

iterations (Lamkull, Hanson & Ortengren 2009). However, the impacts of other human factors 

such as worker age, experience and or worker fatigue cannot directly be assessed using DHM. 

Also, some of its data used for evaluating safe/unsafe work limits do not indicate real situations, 

therefore some of its outcome do not properly predict real work task’s situations (Lamkull et al. 

2009). Above all, DHM is not applicable for assessing complete manufacturing system 

performance, but in a part of manufacturing system such as at workstation level (Perez & Neumann 

2015). Through experimentation, DES technique gives a better understanding on how a new 

system might perform from scratch. It is preferably used for manufacturing systems design, 

analysis and improvement, providing better flexibility and accuracy with outcomes very close to 

that of the real word processes (Baines 1998; Sweetser 1999; Nof et al. 1997; Neumann & Medbo 

2009; Perez et al. 2014). In the context of this study, manufacturing systems with discrete processes 

are primarily considered. DES technique accommodates the volatile nature of manufacturing 

systems providing various possibilities of system arrangement that can aid process planning and 

decision formulation (Negahban & Smith, 2014). DES involves modelling of a system evolves 

overtime in which occurrence of an event changes over time instantaneously. It estimates 

occurrences of activities in a system using a random number distribution (Wang & Chatwin 2005). 

Greasley & Owen (2018) provided a latest review on modelling human behaviours using the DES 

and characterized human performance modelling in terms of area, approach and method. Area 

involves what needs to be model; such as arrivals, movement, decision, availability and task 

performance. The need to design and construct a new factory layout or existing structure has 

increased largely due to changes in customer demand in terms of quantity and variety (Mourtzis 

et al. 2014). DES is used for systems analysis due to its considerable tolerance to systems’ 

complexity (Negahban & Smith 2014), systems complexity may occur due to unpredictability and 

uncertainty relating to systems’ behaviour and its changing conditions as it operates with time 

(Kellner et al. 1999). DES is also applied in wider areas related to but not limited to transportation 

(Illgen & Hock 2018), healthcare (Vahdat et al. 2018), defence, military training and logistics 

(Foltin et al. 2018; Yu et al. 2017), maintenance (Mathew et al. 2017) marketing (Sara et al. 2017) 

and traffic management (Saltzman 1997). Negahban & Smith (2014) presents a literature study in 

applications of DES on manufacturing systems (including design and operations).  
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To study the performance of existing manufacturing system, Moon et al. (2009) used DES to 

observe the performance of a mixed layout semiconductor packaging company. Analysis from 

their study proposed a new design alternative savings millions of dollars on investment. Lejtman 

et al. (2002) used DES to investigate existing production and management system, suggesting that 

just in time/kanban system can enhance productivity by about 30%. Owens & Levary (2002) 

studied the impact of different design alternatives on existing manufacturing system using DES 

tool and 50% of throughput increase was observed worth millions of dollar savings. Greasley 

(2008) used DES to evaluate the availability of storage for a proposed manufacturing system, 

suggesting that DES not only provides quantitative outcomes, but also offers qualitative 

understanding of systems behaviour to gather information on the actual performance of an existing 

system. Detty & Yingling, (2000) used DES to investigate lean manufacturing strategies, their 

study also shows capability of DES evaluating lean applications on existing assembly systems. 

Furthermore, due to multitasking activities involved in powertrain production systems, Jayaraman 

& Gunal (1997) used DES to investigate performance behaviour of the production line. The 

general approach to discrete event simulation is described in Appendix D6 and D7. 

2.9 Discrete Event Simulation for Human Centred Manufacturing Systems’ Design and 

Evaluations 

DES tools are designed mainly for conventional manufacturing systems, nevertheless, the existing 

DES tools have their own inadequacies. Boenzi, et al. (2015) observed the limitation of DES tools 

in simplifying human behaviours for human centred systems evaluations. Bainess et al. (2002) 

provided a pilot modelling approach allowing for the design of a quantifiable relationship between 

direct worker, working environment and their performance, taking into cognizant effects of key 

human centred factors. Baines et al. (2004) used an assembly line model with sufficient number 

of manual operations to investigate the effects of human factors on accuracy and reliability of 

discrete event simulation (DES) tool. Digiesi, et al. (2006) examined the effects of learning and 

tiredness phenomena on production process, incorporating model of worker behaviour into self-

tailored DES tool, and concluded that worker behaviour has a significant impact on buffer level 

and throughput. Mason et al. (2005) observed an increase of about 15-20% of assembly line 

performance due to impacts of human factors. Bainess (2004) provides a feasibility study on the 

effects of worker shift pattern and ageing on worker performance using Witness simulation 

package, and concludes DES results may overestimate real world systems by about 35% due to 

human aging effects. Bainess (2004) study provides initial insight on the significance of human 

factors on DES environment. However, it suffers from the fact that the rate of human functional 
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capacity decline and the stage at which performance deteriorates used in the study were subjective: 

not based on any empirical or experimental evidences. Neumann & Medbo (2009) investigates 

two design alternatives of parallel flow and serial flow assembly line with emphasis of worker 

autonomy using Simul8 DES tool. Their study concludes that human behaviour (psychological 

factors) considerably affects throughput rate. However, their study overlooks the complexity 

associated with psychological factors. Wang et al. (2012) Incorporated learning phenomenon into 

WITNESS DES platform to investigate fixed worker and walking worker assembly lines. Their 

study identified the most preferred assembly design alternative in terms of production output, line 

balancing and cross training of workers. Nevertheless, their study fails to consider the 

consequences of human memory decay over the production breaks. Perez (2014) explored how 

worker workload can be evaluated at initial design stage of manufacturing systems, and used 

empirical models of maximum endurance time and rest allowance to investigate worker fatigue in 

relation to manual assembly task using ARENA DES tool. Yet, the study do not ponder on the 

significance of other maximum endurance time models as suggested by El ahrache, (2006). 

Moreover, those models tested in the study may suffers lack of validity: providing different results 

when applied in different scenarios. Dode (2016) observed the influence of worker fatigue on 

productivity and quality output using ARENA simulation tool. Nonetheless, the main limitation 

of the learning rate used by the study assumed that workers are identical: Manual assembly 

performance may be significantly influence by worker variability. The effects of uniform learning 

rate on individuals is observed by Jaber (2001). It would have been more interesting if different 

learning rate were observed in the study to cater for human variability. Neumann & Medbo 2017 

investigated learning phenomenon using SIMUL8 simulation package to study steady state 

conditions on serial and parallel flow assembly lines under different learning conditions. Their 

study observed that minimum time to reach steady state can be achieve on parallel flow assembly 

lines compared to serial flow production systems. Like Dode (2016), Neumann & Medbo 2017 

also assumed the same learning rate for all subjects, ignoring worker individuals’ variability: 

Human variability occurring in assembly lines may results to starvation and blockage of worker 

performance (Wang et al. 2017). 
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3.1 Review of the Relevant Literature 

In this study, interrelationships between human factors and indicators of human centred assembly 

performance were derived from a comprehensive literature study using Scopus citation database. 

The methodology for literature findings adapted for this study is shown in Appendix A. Research 

papers were searched using relevant keywords. For better visualization, a visualization tool 

(VOSviewer) was also used. Appendix B shows a snapshot of VOSviewer results, the density, 

which represents clusters, indicates the number of research papers with relevant contents. At the 

outset, research papers were filtered scrutinizing through their abstracts, and most relevant papers 

selected were further reviewed and filtered by reading their full context and results of these papers 

are retrieved. Table 5 shows the summary report in terms of effects of human factors on human 

performance for production. 

 Table 5: Effects of human factors on human performance for production   

       Effects from Effects on                         Authors 

 

Physical work 

capacity 

Cycle time Galen (1987); Govindaraju et al. (2001); Boenzi  et 

al.  (2015)  

 Job satisfaction Govindaraju et al. (2001); Narahari & Koneru (2017) 

Age Physical work 

capacity 

Shepherd (2000); Schibye & Hansen (2001); Bridger 

(2009); Stead & page (1983); Zwick & Gobel 

(2009); Kenny et al. (2015). 

 Cycle time  N/A 

 Reaction time Woodson et al.  (1992); Der & Deary (2006); Salvia 

et al. (2016), Svetina (2016); Doroudgar et al. (2017) 

 Idle time N/A 

 Learning and 

forgetting 

Zwick & Gobel  (2009); Stanley (1985); Boenzi et 

al. (2015) 

 Throughput Baines, et al (2004) 

 General Cognitive 

Abilities 

Warr (1994); Boenzi et al.  (2015); Stanley  (1985);  

Llmarinen  (2001) 

 Job satisfaction Rhodes  (1983); Drabe et al. (2015); Clark & Oswald  

(1996); Kumar (2017) 

Gender Physical work 

capacity 

Bridger (2009) 
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 Reaction time Woodson (1992); Der & Deary (2006); Adam et al. 

(1999) 

Experience Cycle time Reagans et al. (2005) 

 Throughput  Reagans et al. 

(2005); Hunter (1986) 

 Learning and 

forgetting 

Shafer et al. (2001); Hunter & Schmidt (1996); 

Reagans et al. (2005) 

 Physical work 

capacity 

Giniger et al. (1983) 

 Reaction time Ando et al. (2004); Visser et al.  (2007) 

 General Cognitive 

Abilities 

Giniger et al. (1983); Llmarinen (2001); Boenzi et al. 

(2015) 

 In-process 

inventory 

N/A 

 Idle time N/A 

Learning and 

forgetting 

Cycle time Nembhard & Osothsilp (2002); Falck & Rosenqvist 

(2012a) 

 Throughput  Shafer et al. (2001); Nembhard & Osothsilp (2002); 

Hunter (1986); Wang et al. (2012); Digiesi et al. 

(2006) 

 In process 

inventory 

N/A 

 Idle time  N/A 

Job satisfaction  Throughput  Rodriguez et al. (2016); Bridger (2009); Bainess & 

Kay (2002) 

 Reaction time Welford (1968); Moskaliuk et al. (2017) 

General Cognitive 

Abilities 

Learning and 

forgetting 

Hunter (1986); Wirojanagud et al. (2007) 

 Reaction time Deary et al. (2001), Govindaraju et al. (2001) 

 Throughput Hunter & Schmidt (1996); Wirojanagud et al. (2007) 

 Cycle time Govindaraju et al. (2001) 

 Idle time N/A 

Circadian rhythms Reaction time Berg & Neely (2006) 
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3.2 Industrial Survey 

An industrial survey was also conducted comparing the above findings with the corresponding 

outcomes. The survey was involved in testing and selecting 33 effective respondents: The 

proportion of the participants in the survey is shown in Figure 25 of whom, 60% were 

researchers in the field of engineering, 30% were industrialists and 10% were from other 

sectors.    

 

Figure 25: Distribution of respondents 

A nonprobability sampling method was used in this study to select respondents. Respondents were 

asked to rate the significance of one human factor over another using the 5-point Likert scale. The 

responses were analysed using a statistical tool. Although it is a relatively smaller sampling size, 

33 effective respondents were carefully selected based on their prior experience and background, 

and their valid responses; questionnaire for the survey is attached in Appendix B1. The respondents 

were asked to rate the influence of one human factors over another (see Appendix B3 for the 

responses) using a five-point scale; giving a mean of 3.0. Calculated mean value of the cumulative 

responses for each question using a statistical package for social science (SPSS) is shown in Table 

6. Consequently, a relationship obtained with a value below the average of 3.0 was considered as 

a weak, and these values were filtered out. See Appendix C attached for internal consistency (𝛼, 

0.821 with 95% CI), normality test (skewness and kurtosis) analysis of the responses. 

 

 

60%

30%

10%

Researchers  in Engineering and Technology Industrialists Others
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Table 6:  Measurement of the effective relationships between human factors  

Human factor 

 

Mean Std dev. 

Experience (EX) vs Age (AG) 4.48 0.50 

Experience (EX) vs Reaction Time (RT) 4.27 0.67 

General Cognitive Abilities (GCA) vs Learning and Forgetting (LF) 4.27 1.03 

Experience (EX) vs Physical Work Capacity (PW) 4.24 0.86 

Age (AG) vs Physical Work Capacity (PW) 4.15 1.00 

Experience (EX) vs Learning and Forgetting (LF) 4.06 0.86 

Age (AG) vs Job satisfaction (JS) 4.06 1.14 

Age (AG) vs General Cognitive Abilities (GC) 4.00 0.75 

General Cognitive Abilities (GC) vs Reaction Time (RT) 3.93 0.86 

Physical Work Capacity (PW) vs Job satisfaction (JS) 3.93 1.27 

Age (AG) vs Reaction Time (RT) 3.81 1.01 

Age (AG) vs Learning and Forgetting (L, F) 3.54 1.25 

Gender (GD) vs Reaction Time (RT) 2.87 0.89 

Circadian Rhythms (CR) vs Reaction Time (RT) 2.87 0.85 

Gender (GD) vs Physical Work Capacity (PW) 2.72 0.94 

These mean values, as shown in Table 6, were assigned to the linguistic terms depicting the 

amplitude of effects between human factors. As an example, a mean value of 3.54 indicates a 

relatively weaker impact of ageing on learning and forgetting. Further, these mean values are 

categorised into four classes as shown in Table 7. 
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Table 7:  Measurement of the effective relationships between human factors  

Mean Linguistic terms  Triangular fuzzy 

scale 

Triangular fuzzy 

reciprocal scale 

Equal (1, 1, 1) (1, 1, 1) 

Equally important (EI) (1/2, 1, 3/2) (1/2, 1, 3/2) 

3.5 – 3.7 Weakly important (WMI) (1, 3/2, 2) (1/2, 2/3, 1) 

3.8 – 4.0 Strongly important (SMI) (3/2, 2, 5/2) (2/5, ½, 2/3) 

4.1 – 4.3 Very strongly important (VSMI) (2, 5/2, 3) (1/3, 2/5, ½) 

4.4 – 5.0 Absolutely important (AMI) (5/2, 3, 7/2) (2/7, 1/3, 2/5) 

 

3.3 Fuzzy Set Theory 

Human behaviours can be difficult to measure; their interdependence or relationships are often 

ambiguous and still not well understood. Descriptions of human behaviour or performance are 

generally linguistic (Karwowski & Mital 1986). This study involves various criteria to be 

evaluated, a multi-criteria decision-making tool such as the analytical hierarchy process (AHP) 

was initially considered. The analytical hierarchy process (AHP) method uses a crisp (non-fuzzy) 

scale from 1 to 9 to selects amongst alternatives based upon subjective judgements; scale 1 

signifies the equal importance between elements and 9 indicates the extreme importance of one 

element over another (Saaty 1987). Human work is classified into five different levels as: 

producing force (primarily muscular work); continuously coordinating sensory motor functions 

(such as assembling or tracking tasks); converting information into motor action (e.g. inspection); 

converting information into output information (e.g. control tasks); and producing information 

(primarily creative work). However, regardless of the nature of tasks performed by individuals, 

some fuzziness may be involved (Karwowski & Mital, 1986). Consequently, AHP approach was 

criticised for disregarding the fuzziness and imprecision in human judgements: it does not account 

for human thinking pattern relating to human attributes, or human traits, which might not be easily 

evaluated using real numbers rather than the language expression (Tzeng & Huang 2011; Saaty 

2008; Aggarwal & Singh 2013). Based on study of Karwowski & Mital (1986) in considering 

fuzziness relating to human work systems, this study considers fuzzy set theory, which involves 

mathematical representation in the degree of vagueness as robust approach for the analysis. Zadeh 

(1965) considers inherent human imprecision in a decision-making process and developed a fuzzy 

sets methodology using fuzzy numbers as a way in which sharp numerical values are represented 

using overlapping boundaries of fuzzy numbers (Mikhailov 2003; Fan et al. 2004; Chen, 2001; 
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Chou et al. 2008). Fuzzy set theories are introduced and defined in literature by Buckley (1985) 

and Laarhoven & Pedrycz (1983). The concept of fuzzy AHP which was developed by embedding 

the standard AHP approach into a fuzzy domain; Laarhoven & Pedrycz (1983) made an earlier 

study on the fuzzy AHP approach. The triangular fuzzy numbers (TFNs) is among fuzzy numbers 

widely used in the fuzzy analytical hierarchy process (FAHP) (Laarhoven & Pedrycz 1983; 

Buckley 1985; Chang 1996).  

Triangular fuzzy number may be described as �̃� (𝑎1, 𝑎2, 𝑎3 ), which denotes that �̃�  is a fuzzy set 

with membership 𝑎1, 𝑎2 𝑎𝑛𝑑 𝑎3, as illustrated in Figure 24. Thus, 𝜇�̃�(𝑥) refers to the degree of 

membership of element x in fuzzy set 𝐴, which consists of a set of numbers  (𝑎1, 𝑎2, 𝑎3 ) in the 

interval [0, 1] (Tseng, Ding & Chang 2017).  It is described by Ross (1995) as: 

                          𝜇Α̃(𝑥) 

{
 
 

 
 
        0,    𝑥 <  𝑎1                      

  
𝑥−𝑎1

𝑎2−𝑎1
,        𝑎1  ≤ 𝑥 ≤ 𝑎2 

 

   
𝑎3  − 𝑥

  𝑎3−𝑎2
,      𝑎2   ≤ 𝑥 ≤  𝑎3

 
0, 𝑥 > 𝑎3            }

 
 

 
 

                                                                               3.1 

Figure 26 shows a triangular fuzzy number represented by the triplet 𝑎1, 𝑎2 𝑎𝑛𝑑 𝑎3. 

 

                    𝜇�̃�(𝑥)                                        𝐴  

                         1.0                                       

 

 

 

 

                                0             𝑎1                    𝑎2                      𝑎3 

Figure 26: Membership as the triangular fuzzy number 

 Figure 27 shows a triangular fuzzy number as �̃� = (𝛿, 𝑏, 𝛼 ) with two sets of fuzzy numbers 

�̃�1 = (𝛿1, 𝑏1, 𝛼1) and  �̃�2 = (𝛿2, 𝑏2, 𝛼2), which can be computed as follows (Chang 1996; 

Chou 2008; Kwong & Bai 2003; Tseng 2017): 
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           �̃�1 + �̃�2  = (𝛿1+𝛿2,   𝑏1 +𝑏2, 𝛼1+ 𝛼2)                                                     3. 2 

           �̃�1 − �̃�2  = �̃�1 + (−�̃�2  ) = (𝛿1 − 𝛿2,  𝑏1 − 𝑏2, 𝛼1 − 𝛼2)                         3.3 

          �̃�1 × �̃�2  = ( 𝛿1 𝛿2,  𝑏1𝑏2,  𝛼1𝛼2)                                                                      3.4  

         K × �̃�1=(𝐾𝛿1, 𝐾𝑏1, 𝐾𝛼1)                                                                                 3.5 

         𝛢−1 = (
1

𝛼
,
1

𝑏
,
1

𝛿
)                                                                                                 3.6                                            

   𝜇�̃�(𝑥) 

                                                         𝛢1̃                     𝛢2̃ 

        1.0 

 

 

                                                                            D 

                                                                             

 

 

                0             𝛿1                    𝑏1𝛿2          d       𝛼1𝑏2                𝛼2 

Figure 27: Membership of two sets of triangular fuzzy numbers 

This study adopted the concept of fuzzy membership function in evaluating the significance of 

human factors, which have potential impacts on human-centred performance making use of the 

mean values obtained as shown in Table 9. The mean values are classified and described by 

linguistic terms as: absolutely important; very strongly important; strongly important; weakly 

important; and equally important respectively. Column 1 and 2 in Table 8 shows a classification 

of mean value and linguistic term in response to the triangular fuzzy scale and the triangular fuzzy 

reciprocal scale in column 3, and 4 respectively. Figure 28 shows the degree of membership in 

triangular fuzzy numbers corresponding to the linguistic terms, and Table 9 shows the linguistic 

scale corresponding to the fuzzy numbers for rating the linguistic terms. 
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Table 8: Mean values and linguistic terms vs triangular fuzzy scale/triangular fuzzy reciprocal 

scale 

Mean Linguistic terms  Triangular 

fuzzy scale 

Triangular fuzzy 

reciprocal scale 

Equal (1, 1, 1) (1, 1, 1) 

Equally important (EI) (1/2, 1, 3/2) (1/2, 1, 3/2) 

3.5 – 3.7 Weakly important (WMI) (1, 3/2, 2) (1/2, 2/3, 1) 

3.8 – 4.0 Strongly important (SMI) (3/2, 2, 5/2) (2/5, 1/2, 2/3) 

4.1 – 4.3 Very strongly important (VSMI) (2, 5/2, 3) (1/3, 2/5, 1/2) 

4.4 – 5.0 Absolutely important (AMI) (5/2, 3, 7/2) (2/7, 1/3, 2/5) 

 

 

       𝜇𝑅𝐼 

 

  1.0                EI               WMI               SMI              VSMI             AMI                          

 

 

 

 

 

                         

                0        1                  1.5                    2                    2.5                  3                  3.5       

Figure 28: Degree of membership of triangular fuzzy numbers  

Table 9: The linguistic scale corresponding to the fuzzy numbers for rating the linguistic terms. 

Linguistic scale  fuzzy numbers 

Very high (VH) (0.25, 0.5, 0.75) 

High (H) (0, 0.25, 0.5) 

Low (L) (0, 0.25, 0.25) 
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Table 10 shows a fuzzy decision matrix on which elements are transformed into triangular fuzzy 

numbers. 

Table 10: Decision matrix using the triangular fuzzy numbers  

 
Physical 

W. C. Job S. Age 

React. 

Time 

Learn. & 

Forgetting 

Gen. C.  

Ability Exp. 

Physical 

W. C. 

   (1,1,1) 

 

(3/2,2,5/2) (1/3,2/5,1/2) (1/2,1,3/2) (1/2,1,3/2) (1/2,1,3/2) (1/3,2/5,1/2) 

Job S. (2/5,1/2,2/3) 

 

 (1,1,1) (2/5,1/2,2/3) (1/2,1,3/2) (1/2,1,3/2) 

 

(1/2,1,3/2) (1/2,1,3/2) 

Age (2,5/2,3) 

 

(3/2,2,5/2) (1,1,1) (3/2,2,5/2) (1,3/2,2) 

 

(3/2,2,5/2)) (2/7,1/3,2/5) 

Reaction 

Time 

(2/3,1,2) (2/3,1,2) 

 

(2/5,1/2,2/3) (1,1,1) (1/2,1,3/2) (2/5,1/2,2/3) (1/3,2/5,1/2) 

Learning 

& F 

(2/3,1,2) 

 

(2/3,1,2) (1/2,2/3,1) 

 

(1/2,1,3/2) (1,1,1) (1/3,2/5,1/2) (2/5,1/2,2/3) 

General 

C. A. 

(2/3,1,2) (2/3,1,2) (2/5,1/2,2/3) (3/2,2,5/2) (2,5/2,3) (1,1,1) (2/5,1/2,2/3) 

Exp. (2,5/2,3) 

 

(2/3,1,2) (5/2,3,7/2) (2,5/2,3) (3/2,2,5/2) (3/2,2,5/2) (1,1,1) 

3.3.1 Fuzzy Extent Analysis  

In this study, an extent analysis method was used. Extent analysis technique is an extension of 

fuzzy analytical hierarchy process (FAHP) used a multi-criteria decision tool (Isik & Aladag 2017; 

Yuksel & Dagdeviren 2008; Divesh et al. 2017; Kahraman et al. 2006; Aggarwal & Singh 2013; 

Adebanjo et al.  2017). To obtain extent analysis in a decision making, Let  𝐾𝑔𝑖
1 𝐾𝑔𝑖

2 …… . . 𝐾𝑔𝑖
𝑛be an 

object's set towards a goal set G = (𝑔1,𝑔2,𝑔3,………….𝑔𝑛), i.e., each individual object is taken and 

extent analysis is performed towards each goal g, respectively. . The extent analysis value for each 

alternative decision can be obtained using the extent analysis described below (Chang 1996; 

Kahraman 2006; Tolga 2005): 

    Μ̃=∑ Κ𝑔𝑖
𝑗
 × (𝑚

𝑗=1 ∑ ∑ Κ𝑔𝑖
𝑗
)−1𝑚

𝑗=1
𝑛
𝑖=1                                                                            3.7                                      

𝑤ℎ𝑒𝑟𝑒 𝛫𝑔𝑖
𝑗
 ( 𝑗 = 1, 2, 3 ……n) are the triangular fuzzy numbers. To obtain ∑ 𝐾𝑔𝑖

𝑗𝑛
𝑖=1 , we perform 

the fuzzy addition of m extent analysis for a particular matrix, which is given: 

∑ 𝐾𝑔𝑖
𝑗𝑛

𝑖=1 = (∑ 𝑙𝑗  ,
𝑛
𝑖= 1  ∑ 𝑚𝑗 ,

𝑛
𝑖= 1  ∑ 𝑢𝑗 ,

𝑛
𝑖= 1 )                                                                        3.8                                                      
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And, to obtain (∑ ∑ 𝐾𝑔𝑖
𝑗𝑚

𝑗=1
𝑛
𝑖=1 )

−1
,  operation for addition of fuzzy numbers is performed on 

 1, 2,3....j

gi j n   such that          

    (∑ ∑  Κ𝑔𝑖,
𝑗𝑛

𝑖=1 )−1𝑛
𝑖=1  = ( 

1

∑ 𝑢1
𝑛
1=1

,
1

∑ 𝑚1
𝑛
𝑖=1

,
1

∑ 𝑙1
𝑛
𝑖=1

) , 𝑤ℎ𝑒𝑟𝑒 ∀𝑙1,𝑚1, 𝑢1                                 3.9 

Table 11 shows the calculated synthetic extent values for the decision alternatives using equations 

7 to 9, where 𝑙, 𝑚, 𝑢 denotes the lower, medium and upper bounds of the degree of membership. 

Table 11: Synthetic extent values computed for each of decision alternatives 

 𝑙  𝑚 𝑢  

𝑆𝑝ℎ𝑦𝑠𝑖𝑐𝑎𝑙 𝑤𝑜𝑟𝑘 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦  (𝑆𝑝𝑤𝑐)  0.07 0.11 0.21 

𝑆𝑗𝑜𝑏 𝑠𝑎𝑡𝑖𝑠𝑓𝑎𝑐𝑡𝑖𝑜𝑛  (𝑆𝑗𝑠) 0.06 0.10 0.19 

𝑆𝑎𝑔𝑒  (𝑆𝑎𝑔 ) 0.13 0.19 0.32 

𝑆𝑟𝑒𝑎𝑐𝑡𝑖𝑜𝑛 𝑡𝑖𝑚𝑒  (𝑆𝑟𝑡) 0.06 0.09 0.19 

𝑆𝑙𝑒𝑎𝑟𝑛𝑖𝑛𝑔 𝑎𝑛𝑑 𝑓𝑜𝑟𝑔𝑒𝑡𝑡𝑖𝑛𝑔  (𝑆𝑙𝑓) 0.06 0.09 0.21 

𝑆𝑔𝑒𝑛𝑒𝑟𝑎𝑙 𝑐𝑜𝑔𝑛𝑖𝑡𝑖𝑣𝑒 𝑎𝑏𝑖𝑙𝑖𝑡𝑦  (𝑆𝑔𝑐𝑎) 0.10 0.14 0.40 

𝑆𝑒𝑥𝑝𝑒𝑟𝑖𝑒𝑛𝑐𝑒  (𝑆𝑒𝑥𝑝) 0.17 0.24 0.37 

The estimation for sets of weight values under each criterion was obtained by comparing fuzzy 

numbers 𝐾1 and 𝐾2 shown in Figure 38, whether the degree of possibility of 𝐾1  is greater or equal 

to 𝐾2 is determined by the intersection of the two fuzzy numbers 𝐾2̃(𝑙2,𝑚2,𝑢2) and 𝐾1̃(𝑙1,𝑚1,𝑢1). 

We have ∨(�̃�1 ≥ �̃�2) =1, since �̃�1 and �̃�2 are convex set fuzzy numbers (Zhu, 1999), thus, it can 

be expressed as: 

V(𝛫1̃ ≥ 𝛫2̃ )= ℎ𝑔𝑡(𝛫1̃ ≥ 𝛫2̃ ) =V(𝛫1̃ ∩ 𝛫2̃) = ( 
𝑙1−𝑢2

(𝑚2−𝑢2)−(𝑚1−𝑙1)
) = 𝜇𝛫(𝑑)       3.10         
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And this can be represented as:                                                                                                                                                                                                                                              

               𝜇Α̃(𝑥) 

{
 
 

 
 
        0,    𝑥 <  𝑎1                      

  
𝑥−𝑎1

𝑎2−𝑎1
,        𝑎1  ≤ 𝑥 ≤ 𝑎2 

 

   
𝑎3  − 𝑥

  𝑎3−𝑎2
,      𝑎2   ≤ 𝑥 ≤  𝑎3

 
0, 𝑥 > 𝑎3            }

 
 

 
 

                                                            3.11                                                                            

∨(�̃�1≥�̃�2) =1     iff   �̃�1≥ �̃�2                                                                                        3.12                                                                  

Where, if and only if d is the ordinate of the highest intersection D between 𝜇𝛫1̃ and (see Figure 

29) (Zhu 1999). 

                     

                           𝜇𝑅𝐼 

                  1.0                                            𝐾1̃                   𝐾2̃          

 

                                                                    

                                                                     D 

 

  

                                               𝑙1                   𝑚1𝑙2      d         𝑢1𝑚2                  𝑢2 

Figure 29: The degree of intersection of two fuzzy sets 

Using equations 3.10 and 3.11, Table 12 shows the weight vector for each decision alternative. 
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Table 12: Weight vector for each decision alternative 

∨ (𝑆𝑝𝑤𝑐 ≥  𝑆𝑗𝑠) 1  ∨ (𝑆𝑗𝑠 ≥  𝑆𝑝𝑤𝑐) 1  ∨ (𝑆𝑎𝑔 ≥  𝑆𝑝𝑤𝑐) 1  ∨ (𝑆𝑟𝑡 ≥  𝑆𝑝𝑤𝑐) 0.91 

 ∨ (𝑆𝑝𝑤𝑐   ≥  𝑆𝑎𝑔) 0.53  ∨ (𝑆𝑗𝑠 ≥  𝑆𝑎𝑔) 0.56  ∨ (𝑆𝑎𝑔 ≥  𝑆𝑗𝑠) 1  ∨ (𝑆𝑟𝑡 ≥  𝑆𝑗𝑠) 0.92 

 ∨ (𝑆𝑝𝑤𝑐 ≥  𝑆𝑟𝑡) 1  ∨ (𝑆𝑗𝑠 ≥  𝑆𝑟𝑡) 1  ∨ (𝑆𝑎𝑔 ≥  𝑆𝑟𝑡) 1  ∨ (𝑆𝑟𝑡 ≥  𝑆𝑎𝑔) 0.42 

 ∨ (𝑆𝑝𝑤𝑐 ≥  𝑆𝑙𝑓)   1  ∨ (𝑆𝑗𝑠 ≥  𝑆𝑙𝑓) 1  ∨ (𝑆𝑎𝑔 ≥  𝑆𝑙𝑓) 1  ∨ (𝑆𝑟𝑡 ≥  𝑆𝑙𝑓) 1 

 ∨ (𝑆𝑝𝑤𝑐 ≥  𝑆𝑔𝑐𝑎) 1  ∨ (𝑆𝑗𝑠 ≥  𝑆𝑔𝑐𝑎) 1  ∨ (𝑆𝑎𝑔 ≥  𝑆𝑔𝑐𝑎) 1  ∨ (𝑆𝑟𝑡 ≥  𝑆𝑔𝑐𝑎) 0.90 

 ∨ (𝑆𝑝𝑤𝑐 ≥  𝑆𝑒𝑥𝑝) 0.35  ∨ (𝑆𝑗𝑠 ≥  𝑆𝑒𝑥𝑝) 0.38  ∨ (𝑆𝑎𝑔 ≥  𝑆𝑒𝑥𝑝) 0.81  ∨ (𝑆𝑟𝑡 ≥  𝑆𝑒𝑥𝑝) 0.25 

 ∨ (𝑆𝑝𝑤𝑐 ≥  𝑆𝑒𝑓) 0.80  ∨ (𝑆𝑗𝑠 ≥  𝑆𝑒𝑓) 0.81  ∨ (𝑆𝑎𝑔 ≥  𝑆𝑒𝑓) 1  ∨ (𝑆𝑟𝑡 ≥  𝑆𝑒𝑓) 0.71 

 ∨ (𝑆𝑙𝑓 ≥  𝑆𝑝𝑤𝑐) 0.80  ∨ (𝑆𝑔𝑐𝑎 ≥  𝑆𝑝𝑤𝑐) 1  ∨ (𝑆𝑒𝑥𝑝 ≥  𝑆𝑝𝑤𝑐 1  ∨ (𝑆𝑒𝑓 ≥  𝑆𝑝𝑤𝑐) 1 

 ∨ (𝑆𝑙𝑓 ≥  𝑆𝑗𝑠) 0.92  ∨ (𝑆𝑔𝑐𝑎 ≥  𝑆𝑗𝑠) 1 ∨ (𝑆𝑒𝑥𝑝 ≥ 𝑆𝑗𝑠) 1  ∨ (𝑆𝑒𝑓 ≥  𝑆𝑗𝑠) 1 

 ∨ (𝑆𝑙𝑓 ≥  𝑆𝑎𝑔) 0.46  ∨ (𝑆𝑒𝑥𝑝 ≥  𝑆𝑎𝑔) 0.66  ∨ (𝑆𝑒𝑥𝑝 ≥  𝑆𝑎𝑔) 1  ∨ (𝑆𝑒𝑓 ≥  𝑆𝑎𝑔) 0.78 

 ∨ (𝑆𝑙𝑓 ≥  𝑆𝑟𝑡) 1  ∨ (𝑆𝑔𝑐𝑎 ≥  𝑆𝑟𝑡) 1  ∨ (𝑆𝑒𝑥𝑝 ≥  𝑆𝑟𝑡) 1  ∨ (𝑆𝑒𝑓 ≥  𝑆𝑟𝑡) 1 

 ∨ (𝑆𝑙𝑓 ≥  𝑆𝑔𝑐𝑎) 0.90  ∨ (𝑆𝑔𝑐𝑎 ≥  𝑆𝑙𝑓) 1  ∨ (𝑆𝑒𝑥𝑝 ≥  𝑆𝑙𝑓) 1  ∨ (𝑆𝑒𝑓 ≥  𝑆𝑙𝑓) 1 

 ∨ (𝑆𝑙𝑓 ≥  𝑆𝑒𝑥𝑝) 0.29  ∨ (𝑆𝑔𝑐𝑎 ≥  𝑆𝑒𝑥𝑝) 0.52  ∨ (𝑆𝑒𝑥𝑝 ≥  𝑆𝑔𝑐𝑎) 1  ∨ (𝑆𝑒𝑓 ≥  𝑆𝑔𝑐𝑎) 1 

 ∨ (𝑆𝑙𝑓 ≥  𝑆𝑒𝑓) 0.73  ∨ (𝑆𝑔𝑐𝑎 ≥  𝑆𝑒𝑓) 0.85  ∨ (𝑆𝑒𝑥𝑝 ≥  𝑆𝑒𝑓) 1  ∨ (𝑆𝑒𝑓 ≥  𝑆𝑒𝑥𝑝) 0.60 

 

The degree of possibility for a convex set fuzzy number to be greater than another convex set fuzzy 

numbers 𝑀𝑖 (𝑖 = 1, 2,3, 4,5,6, ……𝑘) is given as (Kahraman 2006; Tolga 2005 & Zhu 1999): 

 = min                         

                                                                               3.13 

Assuming that 

       for k = 1... 3... 5…n         k≠ 𝑖.                                                     3.14          

Thus, the weight vector W is:  

                                                 3.15                                               

Where, 𝐴𝑖  ∈ 𝑛   

The normalized weight vector W (non-fuzzy number) can be gained below: 

W = (𝑑′( 𝛢1), 𝑑
′(𝛢2), 𝑑′(𝛢3), 𝑑′(𝛢4), …… . 𝑑′(𝛢𝑛))  

Where, 𝑑′( 𝛢1)…. 𝑑′(𝛢𝑛) are decision alternatives 
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Table 13 shows minimum weight vectors for each decision alternative, which were obtained from 

equation 3.13 to 3.14 (Chang 1996). 

Table 13: The minimum decision vector for each decision alternative 

d´(𝛢1 ) ∨ (𝑆𝑝𝑤𝑐  ≥  𝑆𝑗𝑠.  𝑆𝑎𝑔.  𝑆𝑟𝑡.  𝑆𝑙𝑓.  𝑆𝑔𝑐𝑎.  𝑆𝑒𝑥𝑝.  ) = min (1, 0.47, 1, 1, 0.78, 0.21) = 0.21 

 

d´(𝛢2 ) ∨ (𝑆𝑗𝑠  ≥ 𝑆𝑝𝑤𝑐.  𝑆𝑎𝑔.  𝑆𝑟𝑡.  𝑆𝑙𝑓.  𝑆𝑔𝑐𝑎.  𝑆𝑒𝑥𝑝.  ) = min (0.89, 0.37, 1, 1, 0.67, 0.11) = 0.11 

 

d´(𝛢3 ) (∨ 𝑆𝑎𝑔  ≥ 𝑆𝑝𝑤𝑐.  𝑆𝑗𝑠.  𝑆𝑟𝑡.  𝑆𝑙𝑓.  𝑆𝑔𝑐𝑎.  𝑆𝑒𝑥𝑝.  ) = min (1, 1, 1, 1, 1, 0.76) = 0.76 

 

d´(𝐴4 ) ∨ (𝑆𝑟𝑡  ≥ 𝑆𝑝𝑤𝑐.  𝑆𝑗𝑠.  𝑆𝑎𝑔.  𝑆𝑙𝑓.  𝑆𝑔𝑐𝑎.  𝑆𝑒𝑥𝑝.  ) = min (0.93, 1, 0.35, 1, 0.62, 0.11) = 0.11 

 

d´(𝐴5 ) ∨ (𝑆𝑙𝑓  ≥ 𝑆𝑝𝑤𝑐.  𝑆𝑗𝑠.  𝑆𝑎𝑔.  𝑆𝑟𝑡.  𝑆𝑙𝑓.  𝑆𝑒𝑥𝑝.  ) = min (1, 1, 0.42, 1, 0.69, 0.2) = 0.20 

 

d´(𝐴6 ) ∨ (𝑆𝑔𝑐𝑎  ≥ 𝑆𝑝𝑤𝑐.  𝑆𝑗𝑠.  𝑆𝑎𝑔.  𝑆𝑟𝑡.  𝑆𝑙𝑓,𝑆𝑒𝑥𝑝.  ) = min (1, 1, 0.73, 1, 1, 0.51) = 0.51 

 

d´(𝐴7 ) ∨ (𝑆𝑒𝑥𝑝  ≥ 𝑆𝑝𝑤𝑐.  𝑆𝑗𝑠.  𝑆𝑎𝑔.  𝑆𝑟𝑡.  𝑆𝑙𝑓.  𝑆𝑔𝑐𝑎.  ) = min (1, 1, 1, 1, 1, 1) = 1 

 

The weight decision alternative 

based on their influence and the 

normalization. 

W  = (0.21, 0.11, 0.76, 0.11, 0.20, 0.51, 1) 

W = (0.07, 0.04, 0.26, 0.04, 0.07, 0.18, 0.34) 

 

Figure 30 illustrates the importance of each decision alternative using the extent analysis 

procedure. It ranks experience as the most critical human factor that affects human-centred 

performance as it accounts for 34% of the effect, followed by age (26%), general cognitive abilities 

(18%), physical work capacity (7%), learning and forgetting (7%), reaction time (4%) and job 

satisfaction (4%), which have the least effect on human performance. 
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Figure 30: Synthesized priorities of human factors affecting human-centred performance 

The significance of each of human factors was converted into a global weight as shown in Table 

14. 

Table 14: Rating of human factors significance on human-centred assembly performance  

Human Factors Global weight  Level of influence  

Experience 1 Very high  

Age 0.76 Very high  

General cognitive abilities 0.51 High  

Physical work capacity 0.21 Low  

Learning and forgetting 0.20 Low  

Reaction time 0.11 Low  

Job satisfaction 0.11 Low  
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4.1 Introduction  

This chapter presents an investigation based on findings of a literature study, which shows that 

individual performance of human workers usually approaches their full capacity at the age of 38 

years old. After this age, it may start to decline over the increase of ages of workers. By contrast, 

the literature study also indicates the increase of experience over the increase of age of workers 

can also improve the individual performance that may also compensate the loss of assembly time 

due to the increase of ages of workers. Furthermore, in this chapter the effects of experience and 

ageing on worker performance based on theoretical findings were examined by incorporating their 

parameters into a DES tool, which was used for modelling a linear human centred assembly line 

operated by workers at under varying ages as specified in this case. With this method, the 

difference of performance of each worker at the different ages can be quantified. The study 

concluded that the worker performance may reach its full capacity at the age of 38 years old and 

it decreases by an average of 1% from 38 to 40 years old, and 6% at the age of 45 years old. After 

this age, the decline rate of performance may slow down as it can be compensated by the increase 

of experience of workers. 

4.2 Aging  

Based on findings from this study, one of critical human factors that significantly affect human-

centred assembly performance is the effect of ageing. The International Labour Organisation (ILO) 

defines ageing workers as workers who are liable to encounter difficulties in employment and 

occupation because of advancement in age (Asogwa et al. 1993). Gerontologists classified the 

ageing population into three groups: group at ages between 60 and 74 years old, group at ages 

between 75 and 85 years old, and group at ages of 80 years old and beyond (Mendonca et al. 2017). 

Whilst World Health Organisation (WHO) defines an ageing person older than 45 years old 

(Asogwa et al. 1993; Peruzzini & Pellicciari 2017). Regardless of various interpretations, the 

percentage of older workers at ages between 55 and 64 years have risen by 50% in the past two 

decades and may continue to rise (Boenzi et al. 2015). Ageing can cause the persistent decline in 

the biological components due to the internal physiological deterioration (Kenny et al., 2015). 

There is evidence that individual performance may decline from a certain age due to the natural 

decline of physical and physiological functions, such as visual ability, musculoskeletal force, 

flexibility/motion capability, memory/concentration and thermoregulation (Skirbekk 2008; 

Peruzzini & Pellicciari 2017; Robertson & Tracy 1998). In manufacturing, assembly by human 

workers involves operations of pinching, gripping, screwing, pulling, pushing, lifting, turning; and, 
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so on. It requires repetitive wrist motions and hand postures, which may be associated with tendon 

disorders of hands and wrists leading to loss of productivity due to pain and fatigue (Palmer et al. 

2006). Studies indicated that job performance of most individuals might increase until the age of 

35 years old; after this age, it may steadily decline. It can decline up to 25% at ages from 45 to 64 

years old (Skirbekk, 2008; Peruzzini and Pellicciari 2017). Zwick and Gobel (2009) investigated 

the effects of ageing on productivity and observed that productivity may increase until the age of 

40 years old with more significant decline after the age of 60 years old. However, Leyk et al. 

(2010) argued that losses in human performance are primarily related to a sedentary lifestyle rather 

than a chronological number of years. 

It is well known that the natural decline of human system (physical, physiological and neurological 

functions) is unavoidable over the increase of age. Nevertheless, as worker's age increases, it is 

expected that their experience also increase. Moreover, this may offset the decline of human 

abilities (Warr 1994; Giniger et al. 1983). Literature was reviewed leading to the identification of 

the rate of human functional capacity decline over age, the summary of the findings is shown in 

Table 15.  
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Table 15: Decline of human functions vs ages 

Ability Functions Performance variations Authors 

Endurance Aerobic capacity Peak at the age of 40 and decline by 1% per year 

after this age 

Robertson & Tracy 

1998 

Peak at the age of 30 and decline by 0.5–1.5 % 

per year 

Bellew 2005; 

Savinainen 2004a 

Decline by 1–1.5 % per year after the age of 40  Boenzi et al. 2015 

Decline by 1% per year after the age 30  Hawkins & Wiswel 

2003 

Decrease by 1% per year after the age of 35  Crawford 2010 

Psychomotor Spatial ability Peak at the age of 30 and decline at 1% per year 

after this age 

Ellis et al. 1999 

Peak at the age of 40 and decline between 0.8 

and 1.0% per year after this age 

Basu 2002 

Peak at the age of 30, decline by 0.5% per year 

up to the age of 40 and then decline by 1% every 

year up to the age of 65 

Aoyagi 1992; Gall 

2004 

Peak at the age of 45 and decline by 1–1.5% per 

year after this age 

Savinainen 2004b 

Peak at the age of 40 and decline by 0.8–1% per 

year after this age 

Fleg et al. 2005 

Awkward 

posture 

Flexibility  Peak at the age of 35 and decrease at about 1.0% 

per year from 35 to 54 

Alaranta 1994 

Overall 

performance 

Physiological 

function 

Peak at the age of 35– 40 and decline by 1% per 

year after these ages 

Asogwa 1993; 

Savinainen 2004; 

Ilmarinen 2002 
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From Table 15, stage at which human functional capacity is full is suggested differently by 

scholars: ranging from 30 to 40 years. Taking average of these values, a stage at which human 

functional capacity is full give 38 years for this study. Robertson & Tracy (1998) concluded that 

the ability of humans to do sustained heavy work reaches their peak at the age of 40 years old and 

decline by 1% per year afterward. On the other hand Ellis et al. (1999) suggest that human ability 

to remember, reason and make judgements approaches its peak at age of 30 and subsequently 

decline by 1% every year. Asogwa (1993); Ilmarinen (2002); Savinainen (2004), suggested that 

overall human performance in terms of their physiological abilities peak at age of between 30 and 

45 and decline by 1% thereafter. Thus, the age of 37.5 years is considered as an average for their 

studies. Table 16 shows human abilities (such as aerobic, spatial, flexibility and physiological 

abilities) against varying age extracted from Table 15.  

Table 16: Human abilities vs ages 

Ability/capacity Peak the 

age of: 

Rate of 

Ability/capacitydecline 

Study 

Psychomotor 45 1.25 Savinainen 2004b 

 

Endurance 40 1.0 Robertson & Tracy 1998; Basu 

2002 

 

Psychomotor 40 0.9 Fleg et al. 2005 

 

Overall 

performance 

37.5 1.0 Asogwa 1993; Savinainen 

2004; Ilmarinen 2002 

 

Awkward posture 35 1.0 Alaranta 1994 

 

Endurance 30 1.0 Bellew 2005; Savinainen 

2004a; Hawkins & Wiswel 

2003 

 

From the study shown in Table 16, a regression analysis obtained by plotting age and capacity 

decline using Minitab analysis tool, the rate of ability/capacity decline shows a strong positive 

correlation with age. Thus, the regression equation is given as: 

Capacity Decline (%) = 0.57 + 0.012                                                                               4.1   

Where age 1k  represents existing age of a worker. 
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The lost rate of human functional capacity (%) at any given period after the age of 38 years old 

can be evaluated mathematically taking equation 4.1 into consideration as: 

𝐿𝐸𝑟 = (0.57 + 0.012𝑘1)(𝑘1 − 𝑘2)                                                                                4.2   

Human functional capacity decline rate (%) due to decline their functional systems (after 38 

years old) is denoted as: 

𝐹𝑑𝑙 = [(𝐿𝑟(𝑘1 + 𝑘2) + 𝐿𝐸𝑟) × 0.01]                                                                 4.3 

 Table 17 and Figure 31 shows human capacity rate (%) over age using equation 1 and 3 

respectively.  

Table 17: Human functional decline as a percentage of age 

Age  Loss rate of 

human 

capacity (%) 

(𝐿𝑟) 

Remaining human Functional 

capacity (%) of his/her peak at age 

38 (𝐹𝑟𝑚 ) 

Human functional capacity 

decline rate (%) of his/her full 

capacity (𝐹𝑑𝑙) 
 

38 0 100 0 

40 1.05 97.9 2.10 

45 1.11 92.35 7.65 

50 1.17 86.50 13.50 

55 1.23 80.35 19.65 

60 1.29 73.90 26.10 

65 1.35 67.15 32.85 

70 1.41 60.10 39.90 

75 1.47 52.75 47.25 

80 1.53 45.10 54.90 

 
Figure 31: Decline in human functional capacity after 38 years old       
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4.3 Learning/Experience Curve 

One of learning effects refers to a trend in reduction of production time as quantity of products an 

individual worker produces increases (Jaber & Bonney 1997). A log linear model 4.4 represents 

human learning pattern during production cycles for predicting individuals’ performance. This is 

also known as experience curve or learning curve, which represents the improved efficiency or 

performance through learning or practices by repeating operations of a specific task a worker 

performs (Jaber 2001). 

    𝛵𝑛 = 𝛵𝑡 . 𝐸
𝑅                        (Jaber & Bonney 1997; Jaber 2001)                                4.4 

Where:  𝑇𝑛 refers to time to produce unit; 𝑇𝑡 refers to time to produce first unit; E refers to 

cumulative number of units produced. R refers to learning index which determines the speed of 

learning occurring each time as a cumulative output increases, it is computed as  where the 

learning rate R is measured in percentage (0 ˂ R ˂ 1) (Anzanello & Fogliatto, 2011). Note that the 

average time towards the steady state decreases with the increase in numbers of units produced. 

Thus, the average time towards a steady stage can be given as: 

                                    𝛵𝛢 = 𝛵𝑡 . 𝛣
𝑅                                                                         4.5 

or   

                                     𝛵𝑡 = 
𝛵𝛢
𝛣𝑅

                                                                                 4.6 

Where 

𝑇𝑡 refers to time to produce first unit; 𝑇𝐴 refers to average time towards a steady stage; B refers to 

batch size; R refers to learning index.  

By substituting equation 4.5 into equation 4.3, it yields:  

                                 𝛵𝑛 = 
𝛵𝛢
𝛣𝑅

  . 𝐸𝑅                                                                           4.7 

Hence;  

                                                              (Globerson & Shtub, 1984)                     4.8 

Where:  𝑇𝐴 refers to time to reach steady state production; and B refers to batch size. 
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Figure 32 shows a trend of average assembly times corresponding to cumulative number of units 

produced by workers at the age of 38 years old during a learning process of repetitive based on the 

result obtained using equation (4.7). The average assembly time tends to be stabilised after 

performing over 480 units. 

 

Figure 32: Average assembly time (mins) vs accumulated output of workers at 38 years old 

The loss in average assembly time per worker due to ageing is given below: 

                                          ∆𝐿𝑡= 𝛵𝑛 × 𝐹𝑑𝑙                                                          4.9 

                                                                                                             4.10 

Hence, average total assembly time per worker associated to ageing is computed below: 

                                                                                            4.11 

Where:  ∆𝐿𝑡 refers to loss in average assembly time per worker due to ageing; 𝑇𝐴𝑡 refers to average 

total assembly time per worker associated to ageing; 𝐹𝑑𝑙  refers to decline rate of human 

performance after 38 years old.  
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4.3.1 Analysis in a Range of Ageing Groups   

In this theoretical analysis a hypothetical assembly line was developed, the assembly line produces 

single product family, in this case study a DES model was established using a DES tool called 

Enterprise Dynamics (ED), which interacts with an external MS Excel worksheet that defines 

variables of worker age and experience to generate the variation of human performance. Assuming 

8 workers each worker representing aging group 38,40,45,50,55,60,65 and 70 years respectively. 

Figure 33 shows a human centred assembly line model using the DES tool; the line consists of 

eight stations manned by eight workers at different ages; 480 units of products were assembled on 

the line and the average assembly time for each individual worker was examined based on the 

simulation result. 

 

Figure 33: A linear assembly line model operated by workers under different age 

Figure 34a-c show the trend of the average assembly time over the increasing number of assembled 

units of each worker at different ages. The simulation results from the ED model as shown in 

Figure 31 were obtained by initially setting a maximum assembly time a worker at 70 years old 

possibly needs for assembling a new product. The average assembly time then declines during a 

learning process for each worker at the different ages by repetitively performing the same amount 

of assembly tasks making a unit of the same product. The assembly time finally approaches a 

steady state after producing 480 units for all workers under the different ages. As shown in Figure 

38a, the assembly time for the workers at 38 to 45 years old increases over increase of their age, 

nevertheless, there is not much difference in reduction of assembly time that stabilises when output 

reaches 480 units. This phenomenon applies to other aging groups between the ages of 50 and 60, 

65 and 80 years old.  By comparison, the average assembly time of each worker to produce 480 
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units increases by approximately 1% per year from the ages of 38 to 70 years old and about 1.5% 

from the ages of 70 to 80 years old. This result indicates that the increase in percentage of assembly 

time due to the increase of age of the worker starts to decline, as such a decline rate is caused due 

to increase of accumulative experience of the worker. 

 

(a) 

 

(b) 

 

(c) 

Figure 34: Average assembly time of worker at different age  
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This chapter used conventional learning theory to include a parameter such that a time when a new 

worker entering production line may become proficient can be included. These results provides a 

greater understanding into the significance of aging and experience on assembly worker 

performance. However, the experience model used in this chapter has potential limitations: it does 

not differentiate between manual and non-manual activity, and also, ignoring the flattering effects 

near the end of production runs. Therefore, Dejong’s experience curve described by Anzanello & 

Fogliatto (2011) considers the varying nature of manual task and is used further in Chapter V.  
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5.1 Introduction 

As discussed previously, DES tools disallow consideration of human factors that may affect a 

human-centred manufacturing system at earlier design stage perhaps due to complexities of 

human-system interactions. Thus, this issue needs to be addressed and a method for incorporating 

human factors (parameters) into DES needs to be developed. Current DES tools have their own 

inadequacies in assessing human centred manufacturing activities in established DES models. In 

the existing DES tools, operators, who are designated to specific tasks or stations, are treated the 

same functionalities as such as machines. This chapter presents a framework by developing a 

platform that allows an integrated investigation of human factors on human performance with a 

DES tool providing simulation outputs used for decision-making in relation to product cycle time, 

throughput, utilization of individual human workers and so on. The platform is a human factor 

decision tool (namely AutoHmot), which is a user-friendly platform developed using the Java 

language. AutoHmot allows human parameters (such as age and experience) as input into a DES 

tool (namely Enterprise Dynamics used for this case study). The study shows it can be an effective 

solution in evaluating the effects of human factors on human centred performance of a 

manufacturing system.  

5.2 Incorporating Variables of Age and Experience into a DES Model  

A study through a literature review indicated that effect of worker job experience and aging has 

the most significant impact on worker performance in terms of variations in task time and average 

production rate (Abubakar & Wang 2018a). It also shows that individual performance may decline 

from the certain age due to the natural decline of physical and physiological functions in such as 

visual ability, musculoskeletal force, flexibility/motion capability, memory or concentration and 

thermoregulation. On the other hand, as worker’s age increases, it expects that the accumulation 

of experiences may also increase, this also offsets the decline of human abilities (llmarinen 2001). 

However, a clear description of job experience is an issue of debate among researchers, some 

literature considers job experience as a function of time, which can be determined as the number 

of years spent on a job, organisation or position. Others described job experience as frequency or 

times an individual perform a particular task (Quinones et al. 1995). However, it is widely 

understood that efficiency of individual performance can be improved by practicing more on a job. 

In assembly tasks, efficiency of human producing each unit may increase at a uniform rate, 

reaching a stable proportion after certain quantity of units to be produced (Jaber & Bonney 1997). 

The performance improvement is often measured in terms of a reduction of job cycle time, where 
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the reduction in cycle time is the result of learning process. In the previous chapter a conventional 

log linear model was used to model worker experience, log linear learning model has some 

limitations that it converges at zero when production units are sufficiently large (Jaber, 2001). 

Dejong’s (1957) experience curve theory was used in this chapter to describe worker experience, 

it considers manual activity by incorporating a parameter Q known as incompressibility factor. Q 

(0 ≤ Q ≤ 1), where if Q = approaching zero indicates a task is manually performed and Q = 

approaching one it indicates a task is predominantly executed by machines: When operations are 

controlled by manual tasks, the time will be compressible as a successive unit are completed. If by 

contrast, machine cycle time control an operation, then the time will be less compressible as the 

number of units increases (Anzanello & Fogliatto 2011). Thus, the learning curve theory is 

expressed in equation 5. Hence, time to produce 𝑛𝑡ℎ unit 𝑇𝑛 is given by: 

                 (Dejong’s 1957; Anzanello & Fogliatto 2011)                5.1 

Where 𝑇𝑚𝑎𝑥 refers to assigned time to assemble first unit; N refers to unit; R refers to learning 

index  

In reference to equation 5.1, workers are classified into three categories based on levels of their 

experience: inexperienced worker, experienced worker who has produced more than 20 units and 

highly experienced worker who has produced more than 40 units. Assuming that age of an 

assembly operator starts from the age of 20 years old, and, this operator will reach her/his full 

capacity at 38 years old. Based on these hypotheses, time to produce 𝑛𝑡ℎ unit 𝑇𝑛
𝐼𝐸 by inexperienced 

worker at full capacity is given as:  

                                                                                                        5.2 

Time to produce 𝑛𝑡ℎ unit 𝑇𝑛
𝐸  by experienced at full capacity taken as: 

                                                                                                       5.3 

Aging leads to human physiological decline that has indisputable effects on individual’s 

performance (Peruzzini & Pellicciari 2017; Robertson & Tracy 1998; Warr, 1994). Human 

physical capacity (to correlate with their performance) starts to deteriorate between 35 to 40 years 

old, these phenomena was observed by many studies through a literature review. In this study, 
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assuming a worker at 38 years old will reach his/her full human capacity, thus human capacity 

decline is obtained using equation 4.1. The remaining percentage of human capacity after a decline 

is determined by equation 4.2. 

Considering 4.1 and equation 4.2, the rate of worker capacity decline after the age of 38 years old 

can be represented by equation 5.4 

                                              5.4 

Where:  𝐹𝑑𝑙  refers to decline rate of human performance after 38 years old; 𝑘1 refers to existing 

age in years;  𝐿𝑟 refers to human capacity loss rate in percentage; and 𝑘2 refers full human capacity 

(100%) at 38 years old. 

To study the negative effects of human physiological decline and positive effects of experience on 

worker performance, a learning model (5.1) and aging model (5.4) is combined. Hence, loss of 

assembly time due to aging of inexperienced workers after the age of 38 years old is given as: 

                                                                                                                               5.5 

Thus, 

      5.6 

Where:  Q refers to incompressible factor (constant), N refers to thn unit  

Also considering equation 5.4 and 5.6, average assembly time per inexperienced worker due to 

aging can be represented by equation 5.8: 

                                                                                                                             5.7 

     5.8 

However, loss of assembly time of experienced worker due to aging is evaluated as: 

                                                                                                                           5.9 
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And, 

         5.10 

Where:  G refers to Number of times similar operation is performed by an assembly operator.  

Also, considering equation 5.4 and 5.9 average assembly time of inexperience per worker can be 

represented by equation 5.11. 

                                         𝜏𝑛
𝐸 = ∆𝑡𝑙

𝐸 + 𝑇𝐸                                                       5.11 

Thus, 

   

5.3 Human Factor Decision Components (AutoHmot) 

In a manual assembly flow line, material move sequentially through the line for successive 

operations until last task is completed. In a DES model built using the ED package, human 

operators are treated as an assembler as the same function as servers. For this study, a human factor 

decision tool called AutoHmot was created to aid manufacturing system designers and analysts to 

examine system performance by considering the effects of some human factors. With this tool, 

assembly time associated with worker aging and job experience can be integrated into an ED model 

providing simulation results of human performance at an early design stage of a manufacturing 

process. The coding procedure is presented in appendix H. Figure 35 shows the AutoHmot 

graphical user interface developed using the Java-based JBuilder tool. Figure 36 shows data 

obtained from AutoHmot, it indicates assembly time of a worker at full capacity of 38 years old 

declines over the increasing number of assembled units this work completed. 
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Cancel

35

OK

Enter Age of Assembly Operator as an integer, Example 30:
Input

?

Input
Enter Experience Level of Assembly Operator, estimate number of 

times an assembly operator performed similar operation:

OK Cancel

Enter Cycle time, example 60:

OK Cancel

Input

60

Enter Maximum Number of Assembly Units, example, 600:

200

20

OK Cancel

Input

X

X

X

X

?

?

?

 
Figure 35: AutoHmot user interface and solutions 

 
Figure 36: Assembly units vs assembly time using AutoHmot 
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Figure 37 illustrates mechanism of the integrated DES model interfaced with AutoHmot. Once the 

relevant information data are collected and entered into AutoHmot by users, assembly time is 

computed. One of the benefits of this developed tool is that it requires minimum inputs from users. 

The data information required from AutoHmot include: 

1. Existing age of an assembly operator 

2. Experience level of the tasks performed by assembly operator 

3. The cycle time in which time is assigned to assemble a unit 

4. The total number of assembly units that need to be completed 

Is 20  < Age < = 
38?

Number of iterations = 
D?

Yes

Start

Is Assembly operator 
experienced ?

Is Assembly operator 
experienced ?

NO

User-written 
Sub routines

DES 

Enter number of times 
similar operation performed 

by the operator (G)

Set initial iteration (N) = 1

Set initial iteration (G) =  number of 
times similar operation performed 

by the operator 

Set initial iteration (N) = 1

Compute data 
LEr =  (0.57 + 0.012 * K1) * (k1– k2) 

No Yes

No No

Yes
Yes

Compute data  
Tn = [Q + (1 – Q) N^R]Tmax 

Compute data  
Tn = [Q + (1 – Q) G^R]Tmax 

Compute data 
Lr =  0.57 + 0.012 * K1

Enter age of assembly 
operator (K)

Enter assigned assembly 
time (Tmax)

Enter maximum number 
of  assembly units (D)

Assembly time 
Data

Model 
Processor

Experimental 
Processor

Experimental 
Data Files

Model Data 
Files

Link 
Processor

Program File

Run Processor
Animation 
Processor

Animation

Output Data

DES 
Summary 
Reports

Output 
processor

Statistical 
Analyser

Output 
report

SDF Files

Compute data 
Tn = [(Lr*(k1-k2) + LEr) * 0.01) * [Q + (1 – Q) G^C] 

Tmax + [Q + (1 – Q) G^-R]Tmax

Compute data 
Tn = [(Lr*(k1-k2) + LEr) * 0.01) * [Q + (1 – Q) N^C] 

Tmax + [Q + (1 – Q) N^-R]Tmax

Compute data 
LEr =  (0.57 + 0.012 * K1) * (k1– k2) 

Compute data 
Lr =  0.57 + 0.012 * K1

No
NoNo

 

Figure 37: Integrating AutoHmot with a DES (ED) model 

A hypothetical assembly line producing single products’ family was developed using Enterprise 

Dynamics (ED) simulation package. The assembly line consists of six stations manned by six 

workers. It operates four hours 30 minutes per day with fifteen minutes break in-between shift. It 
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has a monthly demand requirement of 6000 units. Assuming 25 operating days per month, a daily 

demand of 240 units and 240 minutes (excluding 30 minutes for break) of production time gives 

1 minutes of cycle time. Each assembly workstation is manned by an assembly operator with the 

assumed same age and experience level. Human performance in manufacturing system is measure 

in terms of the rate at which a task is completed, number of times a task is completed or the 

reliability with which a task is completed (Mason et al. 2005). Experience of a worker is defined 

as the cumulative number of similar tasks previously performed by the worker, and it is categorised 

into three levels: inexperienced operator (IEO); experienced operator (EO): who has produced 

more than 20 units; and, highly experienced operator (HEO): who has produced more than 40 

units. Worker’s age is assumed to start from the age of 20 years old. Twenty-four design 

alternatives are studied as shown in Table 18, a snapshot of the experiments is shown in Appendix 

J. A cycle time of 1 minute is assigned for the first assembly unit to be assembled, the model was 

run for four hours. The cycle time, age and experience level of the workers are entered the 

developed tool (AutoHmot); output data from AutoHmot are linked to simulation tool through 

excel spreadsheet. Two performance measures of throughput and total assembly time for each 

worker was observed. Although each work station is configured to consist of workers with same 

age group and experience level, the objective of the experiment is to determine how age and 

experience of workers may affects the performance of the assembly line. It aims to maximise 

throughput and minimise assembly time; this is determined using multi-objective optimization 

technique; the desirability function analysis (DFA) was carried out for this study. The sensitivity 

of the DFA technique has been demonstrated by Costa, Lourenço, & Pereira (2011); Costa & 

Lourenço (2016); Al-zuheri (2013); Jr.  & Simpson (2002). DFA involves a transformation of 

response variables, in this case throughput and total assembly time, into a single value called 

composite desirability. 

5.4 Desirability Function Analysis (DFA) 

The optimization of a product and/or processes is often a common practice in the manufacturing 

industry: characteristics of interest in terms of products or processes are evaluated by a number of 

performance measures or responses against their relative importance or value. Desirability 

criterion is among multi-objective-optimization technique that transforms responses into 

individual desirability functions, a value bounded between 0 and 1, an increase from 0 as the 

corresponding response value becomes more desirable, it is further aggregated into either a 

geometric or arithmetic mean. The rationale behind desirability functions is that the composite or 

overall desirability function obtained from an experiment is not desirable if one of the quantities 
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measured is out of the desired boundary (Costa & Lourenço, 2016). Several versions of desirability 

function are suggested in literature (Costa, Lourenço, & Pereira, 2011; Costa & Lourenço, 2016), 

which combined the corresponding response values into weighted geometric mean represented 

by 𝐷𝑓 as follows: 

   𝐷𝑓 = [∏ 𝑑𝑛
𝑛=𝑖 𝑖

𝑟𝑛
]

1

∑𝑝
𝑛
                                                                                                        6.1  

Where: 𝑝𝑛  is a factor of significance, which is assigned subjectively indicating the importance of 

each performance measure; 𝑑𝑖 (i = 1, …..n) is the individual desirability corresponding to each 

performance measure;  𝑟𝑛: weight on the 𝑖𝑡ℎ response. The methodology by Derringer and Suich 

(1980) provides individual desirability function based on three responses types:  

● Nominal-The-Best (NTB): representing a situation where the estimated response is planned 

to carry out a particular target value T. The individual desirability function for this response 

type is described as: 

                                                                                                    6.2 

● Larger-The-Best (LTB): A situation where the value of the estimated response is intended 

to be larger than a lower limit. For this category of response, the individual desirability 

function is defined as: 

                                                                                                    6.3 

● Smaller-The-Best (STB): The value of the estimated response is expected to be smaller 

than an upper limit. For this response type, the individual desirability function is defined 

as: 
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                                                                                                     6.4 

Where the L represents a lower tolerance limit of �̂�, the U represents an upper tolerance limit of 

�̂�, and 𝑝𝑛 represents weight.  

Desirability criteria involve three steps: 

I. Calculating the individual desirability index for the corresponding responses using three 

forms of the desirability functions according to the response characteristics in equation 6.3 

to 6.2. The desirability value that equals to 0 represents the worst-case situation. 

II. Computing composite desirability𝐷𝑓: The individual desirability index of all the responses 

can be combined to form a single value called composite desirability by equation 6.1. 

III. Determining the preferred assembly design alternatives: The higher the composite 

desirability value implies a better design alternative. Therefore, based on the composite 

desirability 𝐷𝑓, the effects of worker age and experience for each design alternative is 

estimated and the best-preferred solution is selected. 

The two performance measures used in this study are throughput and total assembly time. These 

performance measures are evaluated based on desirability criteria involving three steps as follows:  

Step 1: Total assembly time retains the minimization objective, while throughput aims to the 

maximization objective. Therefore, according to equation 6.3 and equation 6.4, the individual 

desirability function for throughput and total assembly time respectively, are given as follows: 

                                                                                                        6.5 

 For throughput  
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                                                                                                     6.6 

For the total assembly time  

To wider the capability of searching for the worst solutions, this study follows the work of Al-

zuheri (2013) and Jr. & Simpson (2002) by introducing the penalty term into the Derringer’s 

desirability model: adding a smaller constant to a data is a common procedure used in statistics; it 

introduces a small error to a result outcome (Jr. & Simpson, 2002); but has no significant impact 

on a solution (Al-zuheri 2013). In this study a constant 휀  with a value of 0.001 is used for 

preventing the individual desirability value equalling to zero from 0.001 to 1.001. Hence, equation 

6.3 to 6.4 are given by: 

                 

0

d ,

1

nP

i

L
L U

U L


 




 
   

 



                                                                                  6.7 

                                                                                6.8 

Where 휀 = 0.001 

Step 2: Using equation 6.7 and 6.8 individual desirability 𝑑𝑖 and composite desirability values 𝐷𝑓 

for each design alternative is calculated, respectively. The composite desirability:  

                       𝐷𝑓 = [∏ 𝑑𝑛
𝑛=𝑖 𝑖

𝑟𝑛
]

1

∑𝑝
𝑛
                                                                                         6.9                              

                       𝐷𝑓 = [𝑑𝑖(𝛼) × 𝑑𝑖(𝛿)]
1

∑𝑝
𝑛
                                                                                6.10 

Where U and L denote upper and lower limits of the two performance measures. While, 𝑝𝑛 denotes 

weight signifying importance for each response, it is subjectively assigned to each performance 

measure. In this case study, equal weight is assigned to all responses, and each design alternative 
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consists of six workers with two performance measures responses, the two performance measures 

are assumed equal importance. In this case, the number of performance measures multiply by six 

workers gives the value of 𝑝𝑛 as 12. 

Step 3: Table 18 presents the results obtained by computing the composite desirability of each 

performance measure on different composition of workers on the assembly line.  

Table 18: Composite desirability of workers. 

Serial 

number 

Experience level and age Composite 

desirability (𝐷𝑓) 

1 HEO 38 HEO 38 HEO 38 HEO 38 HEO 38 HEO 38 0.596 

2 EO 38 EO 38 EO 38 EO 38 EO 38 EO 38 0.552 

3 IEO 38 IEO 38 IEO 38 IEO 38 IEO 38 IEO 38 0.520 

4 HEO 45 HEO 45 HEO 45 HEO 45 HEO 45 HEO 45 0.510 

5 HEO 40 HEO 40 HEO 40 HEO 40 HEO 40 HEO 40 0.504 

6 EO 40 EO 40 EO 40 EO 40 EO 40 EO 40 0.489 

7 IEO 40 IEO 40 IEO 40 IEO 40 IEO 40 IEO 40 0.453 

8 EO 45 EO 45 EO 45 EO 45 EO 45 EO 45 0.439 

9 IEO 45 IEO 45 IEO 45 IEO 45 IEO 45 IEO 45 0.427 

10 HEO 50 HEO 50 HEO 50 HEO 50 HEO 50 HEO 50 0.418 

11 EO 50 EO 50 EO 50 EO 50 EO 50 EO 50 0.393 

12 IEO 50 IEO 50 IEO 50 IEO 50 IEO 50 IEO 50 0.358 

13 HEO 55 HEO 55 HEO 55 HEO 55 HEO 55 HEO 55 0.341 

14 EO 55 EO 55 EO 55 EO 55 EO 55 EO 55 0.337 

15 IEO 55 IEO 55 IEO 55 IEO 55 IEO 55 IEO 55 0.336 

16 HEO 60 HEO 60 HEO 60 HEO 60 HEO 60 HEO 60 0.290 

17 EO 60 EO 60 EO 60 EO 60 EO 60 EO 60 0.281 

18 IEO 60 IEO 60 IEO 60 IEO 60 IEO 60 IEO 60 0.248 

19 HEO 65 HEO 65 HEO 65 HEO 65 HEO 65 HEO 65 0.240 

20 EO 65 EO 65 EO 65 EO 65 EO 65 EO 65 0.204 

21 IEO 65 IEO 65 IEO 65 IEO 65 IEO 65 IEO 65 0.188 

22 HEO 70 HEO 70 HEO 70 HEO 70 HEO 70 HEO 70 0.169 

23 EO 70 EO 70 EO 70 EO 70 EO 70 EO 70 0.141 

24 IEO 70 IEO 70 IEO 70 IEO 70 IEO 70 IEO 70 0.047 
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Composite desirability which measure the decline of performance indicators (throughput and total 

assembly times) was used to evaluate worker efficiency: time to accomplish an assigned task and 

units produced. 24 assembly line configurations were studied and the significance of each of the 

configuration based on the composite desirability is observed. The trend of the composite 

desirability is showed in column eight of Table 19, the most preferred assembly line configurations 

are sorted in descending order in Table 19. These results suggest that highly experienced workers 

at younger age are likely to be efficient in contrast to older unskilled workers. Figure 38 reveals 

further the trend in the decline of the performance indicators measured using composite desirability 

at various levels of experience over the increase of age after 38 years old at which the human 

functional capacity reaches the maximum rate. 

 

Figure 38: Trend of the composite desirability vs age  

 The trends of the percentage decline of the composite desirability for individual worker 

representing various aging groups is showed in Figure 39. Figure 39(a) shows the trend of the 

performance indicators measured using composite desirability at inexperienced level, it reveals 

decline of 0.14% decline for aging group 38-45 years old, 0.18% for aging group 45-50 years old, 

and 0.19% for aging group 50-55 years old respectively. It then declines to 0.13% for aging group 

55-60 years old, then increase to 0.29% at aging group 65-70 years old. It shows least decline of 

composite desirability at aging group 50-55 years old. These results indicate that due to aging the 

performance of inexperience worker may continue to decline from the age of 38 years old until 

they reach 55 years old. And, after this age accumulation of experience may tend to offset the 

decline until they reach 65 years old.  
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Figure 39: Trend of the decline of composite desirability for workers (inexperienced, 

experienced and highly experienced) vs aging groups  

The percentage decline of composite desirability for experienced workers is showed in Figure 

39(b), it reveals decline of 0.18% for aging groups 38-45 years old, 0.16% for aging groups 45-50 

years old. It then decreases to 0.05% for aging group 50-55 years old, and then increases to 0.17% 

up to 0.30% at aging group 65-70 years old. These results indicate that performance of experienced 

worker may decline slightly at 50 years old. After this age positive influence of experience may 

continue to offset the performance decline up to the age of 55 years old.  

The values in Figure 39(c) indicates percentage decline of composite desirability for inexperienced 

workers. It shows 0.20% for aging group 38-45 years old, 0.10% for aging group 45-50 years old. 

A further steep decline of 0.14%, 0.26%, 0.34% and 0.75% for aging groups 55-60, 60-65, and 65-

70 years old respectively. The overall results reveal that from the stage at which human 

performance is full an accumulation of experience by workers may continue to enhance their 

performance until the age of 50, it will slightly decrease up to the age of 60 years old.  

 

 

(a) (b) 

(c) 
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5.5 Model Validation 

Three approaches are used to validate simulation model: Face validation: making the model 

available to people knowledgeable on the systems’ operations for observations; predictive 

validation: comparing the predictions of the model to the actual performance data, and lastly, 

constructs validation: demonstrating that the model design reasonable replicate the model 

components. In the contrast, there is no completely definite approach for validating the model of 

any system (Law & Kelton, 2000). Greasley & Owen (2018) reported the challenges of model 

validation involving human behaviour even with data from just two individuals. In their study 

Greasley & Owen (2018) observed that Neumann & Medbo, (2009) find it difficult to validate the 

introduction of human arributes in their model and suggests further validation using field study. 

Additionally, Colombi & Ward (2010) recommends additional data from real system to enhance 

the validity of their model. Notwithstanding the above challenges this study used predictive 

validation to validate its findings, comparing predictions of the proposed model to the previous 

literature findings. 

Results from this study concludes that age and experience are the most significant factors affecting 

human centred assembly systems. This is inconsistence with literature from different academic 

domain identifying the significantly of age on human performance (Skirbekk, 2008: Peruzzini & 

Pellicciari, 2017; Robertson & Tracy, 1998). The significant of experience on human performance 

is also emphasized in a number of literature (Warr 1994; Salthaouse & Somberg 1982; Giniger, 

1983). Skirbekk (2003) noted that Nobel Prize laureates do their important contributions in their 

30s. And, study on researchers by age using journal article citations as control variable suggest 

that their productivity peaks in their 30s and 40s, with substantial lower output at younger and 

older ages (Skirbekk 2008). These are in concordance with assumption of this study, taking 38 

years old as a base line which human performance is peak and starts to deteriorate. The effects of 

experience and ageing on worker performance were examined by incorporating their parameters 

into a DES tool, which was used for modelling a linear human centred assembly line operated by 

workers under varying ages and experience. Results from study concluded that accumulation of 

experience by workers may tend to offset their performance decline up to a point where the 

performance decline may counterbalance the experience. This is also in consistence with study by 

Skirbekk (2003) which suggests that job experience improves productivity for several years, but 

there does come a point at which further experience no longer has an effect: experience increases 

individual productivity up to a given duration, and thereafter, cognitive declines can decrease 

performance on the job.  
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6.1 General findings 

There are significant number of literature on influence of innate human behaviours on human 

performance generally. However, their impact is often under/overestimated or simply unnoticed 

in manufacturing systems design, evaluation and implementations. By disregarding human effects 

or constraints in DES tools, it confines established simulation models based on manufacturing 

systems where humans play a critical role in system performance. The existing DES tools do not 

provide sufficient abilities to evaluate the performance of manufacturing systems incorporating 

human factors. Therefore, there was the missing or weak research work towards efforts of 

incorporating human elements in DES tools to enhance the decision-making for manufacturing 

systems design and evaluation, although there were some investigations into human factors 

relating to human performance, there were few studies by examining human factors and their 

interactions on human performance of human-centred assembly systems. This thesis presents a 

robust study by identifying relevant human factors that may have impacts on human-centred 

assembly based on findings of the comprehensive literature review and the industrial survey. This 

includes the proposed alternative methods used for quantifying the influential levels between one 

of key human factors and one of key performance indicators. The study concludes age and 

experience are the most influential human factors affecting human centred assembly performance. 

Also using literature, the study shows that individual performances of human workers usually 

approach their full capacity at the age of 38 years old. After this age, it may decline over the 

increase of ages of workers. An effective and user-friendly platform, which incorporates the effects 

of key human factors with a DES (ED) model was developed using the Java language to interact 

with parameters of physical elements (built in the DES tool) of a human centred assembly system, 

together with logical interrelationship for operational activities. Effects of experience and ageing 

on worker performance were examined by incorporating their parameters into a DES tool, which 

was used for modelling a linear human centred assembly line operated by workers under varying 

ages as specified in the case. With this method, the difference of performance of each worker at 

the different ages were quantified. A feasibility study was carried out using this tool and the 

simulation results demonstrate the applicability of this method in assessing the influence of human 

factors on the overall system performance. The study concluded that the worker performance 

decreases up to some point where the decline rate of performance may slow down. Thus, this 

method can permit manufacturing system designers, at the early design stage, to evaluate the 

overall performance of a manufacturing system with considerations of these parameters of human 

factors.  
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6.2 Findings from academic perspective 

The influence of human factors on human performance have been studied in a number of research 

fields such as organisational psychology; ergonomics; management and economics sciences: In 

the field of management, work and organisational psychology. Skirbekk (2003) reported evidences 

that decline of cognitive abilities due to aging affects human performance. In manufacturing 

system, workers are required to perform both manual and mental tasks involving their physical 

and mental capabilities: Morrell & Park (1993) observed that decline of functional abilities such 

as working memory operations may give younger adults more advantage over older adults when 

performing procedural assembly operations. In the field of occupational and environmental 

medicine, llmarinen (2001) presented interactions between experience, work performance, and 

ageing. His study suggests that experience can have positive effects directed towards basic 

cognitive processes or job performance: If job experience primarily improves or maintains 

cognitive skills, the positive connection between job experience and performance remains weaker. 

If, instead, job experience directly improves or maintains job performance, the link between job 

experience and cognitive skills remains undeveloped. 

 In order to advance research, this study proposed an integration of different research field by 

identifying critical human factors affecting human centred assembly system. Findings from this 

study concluded that age and experience are the key human factors affecting human centred 

assembly performance, and accumulation of experience by workers may tend to offset their 

performance decline due aging up to a point where the performance decline may counterbalance 

the accumulated experience. The demographic workforce is changing rapidly and therefore 

industrial engineers are faced with challenges of addressing the significance and implications of 

inherent human behaviour on work conditions. As emphasized by Calzavara et al. (2019), these 

findings provide an insight for further researches into age and experience management, from 

production research and industrial engineering viewpoints.  

6.3 Findings from practical perspective 

There is paucity of literature studying human variability that may results to increases in task 

completion times (Doerr & Arreola-ri 2000). In a typical DES model, assembly times data are used 

in a form of statistical distribution; and the gamma and normal distributions are mostly used as an 

appropriate pattern for modelling manual tasks completion time (Perez et al. 2014; Neumann & 

Medbo, 2017). However, these statistical distributions assumed that major source of variability in 

task completion times is the inherent variability of the tasks, ignoring the individuals performing 
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the tasks. In the contrast, Doerr & Arreola-ri (2000) observed that major source of variability in 

task completion times may be the worker performing the task. Moreover, the existing commercial 

simulation packages offer only dedicated application object libraries for developing fast and 

efficient models of common scenarios and these tools can be characterised as limited 

functionalities in the field of manufacturing (Wang, Lassalle, A., & Owen, 2009). From another 

point of view, lean manufacturing is implemented through different interrelated concept including 

cellular production. In cellular production emphasis is placed on grouping technological 

equipment, while worker assignment strategies: placing people with relevant skills and adequate 

capability (ies) in a production line are not been given much-desired attentions. Basically, in cell 

production managers assigned worker to task(s) in a production line based on prior knowledge of 

how best he/she can perform the required task(s). The findings from this study can provide 

engineers, operation managers and ergonomics an insight into the trend of worker performance 

under varying ages and experience level. It can also assist in worker assignment strategy providing 

workers with equal capability and skills to cope with workloads in dependent process flow in order 

to maximise productivity, minimize fatigue and idle time between operations. A managerial tool 

is proposed that can consider inherent human performance variations due aging and experience of 

workers, that can assist for decision making strategies offering guides for allocating tasks; 

minimizing lack of fit between the worker and assigned tasks, these with a view to achieve best 

utilisation and productivity each individual worker can attain.  

6.4 Limitations  

● Workers’ physical, physiological and cognitive functions are assumed synonymous with 

worker abilities that correlate with his/her productivity.  

● The work does not address other factors that may have significant influence on human 

worker performance such as psychosocial factors, individuals cultural, social and health 

conditions. 

● Bainess (2002) observed over sixteen environmental state in a typical assembly 

environment which include noise level, temperature, ventilation and daylight etc. Due to 

their multi-dimensional characteristics environmental factors are not being considered in 

this study. 

● Assembly line model is configured with workers of assumed same age group and 

experience level in this study. Therefore, an assembly line model of workers with varying 

age and experience is recommended for further study. Öner-Közen et al. (2017) 

emphasized the significant impacts of workforce composition in a production line. Model 
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of workers with varying age and experience levels can also be used to investigate bowl 

phenomenon which suggests that output of an assembly line can be increased by 

deliberately unbalancing the workloads at the beginning and at the end of a line and lower 

workloads in the middle of the line.  

● The trend in the decline of functional abilities/performance is assumed same across gender. 

● There was a relatively smaller sampling size in the survey. 

● Although a number of DES packages available for manufacturing systems design and 

evaluation, Enterprise Dynamics simulation package was tested in this study. 

 6.5 Further study 

As with many previous researches, a number of questions seems to be asked as answered. The 

need to further investigate issues directly tied to this research together with other findings are 

identified:  

● For human centred systems or assembly operations, previous studies suggested that force 

and repetitions are among one of the key risk factors that may cause damage to human 

tissue resulting to occurrences of hands work related musculoskeletal disorders. Learning 

and forgetting, and motivations are also influential factors affecting human performance. 

Manufacturing companies aim to reduce product cycle time in satisfying customers’ 

demand and minimizing total production cost, while, assigning cycle arbitrarily to a task 

disregarding human limitations and constraints these can lead to fatigue resulting from 

insufficient muscle recovery and may allow to poor output quality. Likewise, break in-

between tasks may imply increasing non-value-added time, and weakening of human 

learning pattern. Model(s) that can explore the interactions between these factors in 

enhancing human centred manufacturing system performance is recommended for future 

study.  

● This thesis focuses mainly on factors relating to human workers themselves, however, 

other factors may have significant impacts on overall human performance of manufacturing 

systems such as individuals cultural, social and health conditions, organisational structure 

etc. are recommended for further study.  

● The validation of established models involving human traits can be difficult to achieve due 

to high level of details involved and extensive data collection requirements (Greasley & 

Owen 2018). Although the framework of the proposed methodology has been tested with 
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positive outcomes, more empirical and/or experimental data are recommended for further 

study.   

● Öner-Közen et al. (2017) emphasized that workforce composition have significant impacts 

on the performance of an assembly line. Therefore, an assembly line model consisting of 

workers with varying age and experience levels is recommended for further study. The 

worker composition model can be used to investigate bowl phenomenon: a theory 

suggesting that output of an assembly line can be increased by deliberately unbalancing the 

workloads at the beginning and at the end of a line, and lower workloads in the middle of 

the line.   

● Generally, future challenges and trends of simulation tools are to introduce cloud-based 

technologies in order to facilitate the mobility of the applications and the interoperability 

between different partners. Currently, only few commercial tools have integrated this 

function. In addition, efforts are being made towards the creation of application that run in 

multiple and mobile devices. The extended use of open and cloud-based tools can address 

these problems and result in high performance computing at a minimum cost. Another issue 

is that there is also a lack of proper data exchange among different domains and few or no 

common standards or integrated frameworks, which cause difficulties in the 

interoperability and collaboration between systems and partners. Application of building 

incremental models allows in-process debugging but often this does not work properly, and 

this also increases the complexity of finding out the problems of the developed models. All 

these issues can be addressed with the development and utilisation of multidisciplinary and 

multi-domain integrated simulation tools. As far as the lifecycle simulation is concerned, 

the poverty of adequate modelling tools ought to be noted. Only few applications take into 

serious considerations of product lifecycle costs and environmental issues. In addition, 

some modelling tools are usually aimed at the re-manufacturing of specific product types 

and these tools are still insufficient for the-manufacturing of products. Currently, object-

oriented, hierarchical models of plants encompassing business, logistic and production 

processes exist but the direct integration of modelling tools with CAD, DBMS (ORACLE, 

SQL Server, Access, etc.) and direct spreadsheet link in/out, XML, HTML reports are still 

limited. As a result, simulation tools that will assure the multi-level integration among them 

should be developed as priority. Gradually, enterprises are starting to adopt the concepts 

and the models of the virtual factory. But the technologies related to virtual factory 

especially with data acquisition, control and monitoring are still expensive, complicated 

and hard to apply. Thus, the research should move towards the direction of real-time 
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factory applicable and affordable tools to be developed. Efforts may also be made to create 

smart, intelligent and self-learning tools incorporating integrated neural networks and 

inbuilt algorithms for automated optimisation of system parameters. Moreover, there are 

applications that base on empirical or past data and some knowledge-based advisory 

systems. Although satisfactory and analytical simulation capabilities in continuous 

processing units can be noticed, research is required in order to develop more intelligent 

tools that will lead to autonomous and-self adapting systems (Wang, Lassalle, A., & Owen, 

2009). 
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Appendix A1: Methodology for literature findings 
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Appendix A2: Visual representations of human factors interactions using VOSviewer 
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B1: Sample Questionnaire 
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B2: Questions Responses 
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B3: Distribution of respondents 
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B4: Analysis of responses 

Question_1 

 Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Strongly Disagree 2 6.1 6.1 6.1 

Disagree 5 15.2 15.2 21.2 

I don’t know 1 3.0 3.0 24.2 

Agree 11 33.3 33.3 57.6 

Strongly Agree 14 42.4 42.4 100.0 

Total 33 100.0 100.0  

 

Question_2 
 Frequency Percent Valid Percent Cumulative Percent 

Valid Strongly Disagree 7 21.2 21.2 21.2 

Disagree 12 36.4 36.4 57.6 

I don’t know 2 6.1 6.1 63.6 

Agree 11 33.3 33.3 97.0 

Strongly Agree 1 3.0 3.0 100.0 

Total 33 100.0 100.0  

 

Question_3 
 Frequency Percent Valid Percent Cumulative Percent 

Valid Strongly Disagree 1 3.0 3.0 3.0 

Disagree 10 30.3 30.3 33.3 

I don’t know 7 21.2 21.2 54.5 

Agree 11 33.3 33.3 87.9 

Strongly Agree 4 12.1 12.1 100.0 

Total 33 100.0 100.0  

 

Question_4 
 Frequency Percent Valid Percent Cumulative Percent 

Valid Strongly Disagree 2 6.1 6.1 6.1 

Disagree 18 54.5 54.5 60.6 

I don’t know 1 3.0 3.0 63.6 

Agree 9 27.3 27.3 90.9 
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Strongly Agree 3 9.1 9.1 100.0 

Total 33 100.0 100.0  

 

Question_5 

 Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Strongly Disagree 2 6.1 6.1 6.1 

Disagree 5 15.2 15.2 21.2 

Agree 12 36.4 36.4 57.6 

Strongly Agree 14 42.4 42.4 100.0 

Total 33 100.0 100.0  

 

Question_6 

 Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Strongly Disagree 1 3.0 3.0 3.0 

Disagree 2 6.1 6.1 9.1 

I don’t know 2 6.1 6.1 15.2 

Agree 14 42.4 42.4 57.6 

Strongly Agree 14 42.4 42.4 100.0 

Total 33 100.0 100.0  

 

Question_7 

 Frequency Percent Valid Percent Cumulative Percent 

Valid Strongly Disagree 2 6.1 6.1 6.1 

Disagree 4 12.1 12.1 18.2 

I don’t know 1 3.0 3.0 21.2 

Agree 20 60.6 60.6 81.8 

Strongly Agree 6 18.2 18.2 100.0 

Total 33 100.0 100.0  

 

Question_8 
 Frequency Percent Valid Percent Cumulative Percent 
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Valid Strongly Disagree 2 6.1 6.1 6.1 

Disagree 9 27.3 27.3 33.3 

I don’t know 2 6.1 6.1 39.4 

Agree 15 45.5 45.5 84.8 

Strongly Agree 5 15.2 15.2 100.0 

Total 33 100.0 100.0  

 

Question_9 
 Frequency Percent Valid Percent Cumulative Percent 

Valid Disagree 9 27.3 27.3 27.3 

I don’t know 1 3.0 3.0 30.3 

Agree 13 39.4 39.4 69.7 

Strongly Agree 10 30.3 30.3 100.0 

Total 33 100.0 100.0  

 

Question_10 

 Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Disagree 5 15.2 15.2 15.2 

I don’t know 2 6.1 6.1 21.2 

Agree 16 48.5 48.5 69.7 

Strongly Agree 10 30.3 30.3 100.0 

Total 33 100.0 100.0  

 

Question_11 

 Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Disagree 6 18.2 18.2 18.2 

I don’t know 2 6.1 6.1 24.2 

Agree 17 51.5 51.5 75.8 

Strongly Agree 8 24.2 24.2 100.0 

Total 33 100.0 100.0  

Question_12 

 Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Strongly Disagree 2 6.1 6.1 6.1 
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Disagree 5 15.2 15.2 21.2 

I don’t know 2 6.1 6.1 27.3 

Agree 19 57.6 57.6 84.8 

Strongly Agree 5 15.2 15.2 100.0 

Total 33 100.0 100.0  

 

Question_13 

 Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Strongly Disagree 2 6.1 6.1 6.1 

Disagree 7 21.2 21.2 27.3 

I don’t know 3 9.1 9.1 36.4 

Agree 13 39.4 39.4 75.8 

Strongly Agree 8 24.2 24.2 100.0 

Total 33 100.0 100.0  

 

Question_14 

 Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Disagree 1 3.0 3.0 3.0 

I don’t know 2 6.1 6.1 9.1 

Agree 23 69.7 69.7 78.8 

Strongly Agree 7 21.2 21.2 100.0 

Total 33 100.0 100.0  

 

Question_15 

 Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Disagree 2 6.1 6.1 6.1 

I don’t know 3 9.1 9.1 15.2 

Agree 21 63.6 63.6 78.8 

Strongly Agree 7 21.2 21.2 100.0 

Total 33 100.0 100.0  

 

Question_16 
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 Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Strongly Disagree 1 3.0 3.0 3.0 

Disagree 4 12.1 12.1 15.2 

I don’t know 2 6.1 6.1 21.2 

Agree 11 33.3 33.3 54.5 

Strongly Agree 15 45.5 45.5 100.0 

Total 33 100.0 100.0  

 

Question_17 

 Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Strongly Disagree 1 3.0 3.0 3.0 

Disagree 17 51.5 51.5 54.5 

I don’t know 5 15.2 15.2 69.7 

Agree 10 30.3 30.3 100.0 

Total 33 100.0 100.0  

 

Question_18 

 Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Disagree 15 45.5 45.5 45.5 

I don’t know 7 21.2 21.2 66.7 

Agree 11 33.3 33.3 100.0 

Total 33 100.0 100.0  

 

Question_19 

 Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Disagree 11 33.3 33.3 33.3 

I don’t know 5 15.2 15.2 48.5 

Agree 15 45.5 45.5 93.9 

Strongly Agree 2 6.1 6.1 100.0 

Total 33 100.0 100.0  

 

Question_20 

 Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Disagree 3 9.1 9.1 9.1 
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I don’t know 1 3.0 3.0 12.1 

Agree 8 24.2 24.2 36.4 

Strongly Agree 21 63.6 63.6 100.0 

Total 33 100.0 100.0  

 

Question_21 

 Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Agree 11 33.3 33.3 33.3 

Strongly Agree 22 66.7 66.7 100.0 

Total 33 100.0 100.0  

 

Question_22 

 Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Disagree 3 9.1 9.1 9.1 

I don’t know 1 3.0 3.0 12.1 

Agree 9 27.3 27.3 39.4 

Strongly Agree 20 60.6 60.6 100.0 

Total 33 100.0 100.0  

 

Question_23 

 Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Strongly Disagree 2 6.1 6.1 6.1 

Disagree 9 27.3 27.3 33.3 

I don’t know 2 6.1 6.1 39.4 

Agree 10 30.3 30.3 69.7 

Strongly Agree 10 30.3 30.3 100.0 

Total 33 100.0 100.0  

 

Question_24 

 Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Disagree 3 9.1 9.1 9.1 

I don’t know 2 6.1 6.1 15.2 

Agree 18 54.5 54.5 69.7 

Strongly Agree 10 30.3 30.3 100.0 
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Total 33 100.0 100.0  

 

Question_25 

 Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Disagree 2 6.1 6.1 6.1 

I don’t know 3 9.1 9.1 15.2 

Agree 13 39.4 39.4 54.5 

Strongly Agree 15 45.5 45.5 100.0 

Total 33 100.0 100.0  

 

Question_26 

 Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Disagree 1 3.0 3.0 3.0 

I don’t know 1 3.0 3.0 6.1 

Agree 19 57.6 57.6 63.6 

Strongly Agree 12 36.4 36.4 100.0 

Total 33 100.0 100.0  

 

Question_27 

 Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Agree 17 51.5 51.5 51.5 

Strongly Agree 16 48.5 48.5 100.0 

Total 33 100.0 100.0  

 

Question_28 

 Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Strongly Disagree 1 3.0 3.0 3.0 

Disagree 4 12.1 12.1 15.2 

I don’t know 1 3.0 3.0 18.2 

Agree 16 48.5 48.5 66.7 

Strongly Agree 11 33.3 33.3 100.0 

Total 33 100.0 100.0  
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Question_29 

 Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Disagree 8 24.2 24.2 24.2 

I don’t know 5 15.2 15.2 39.4 

Agree 16 48.5 48.5 87.9 

Strongly Agree 4 12.1 12.1 100.0 

Total 33 100.0 100.0  

 

Question_30 

 Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid I don’t know 4 12.1 12.1 12.1 

Agree 23 69.7 69.7 81.8 

Strongly Agree 6 18.2 18.2 100.0 

Total 33 100.0 100.0  

 

Question_31 

 Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Disagree 1 3.0 3.0 3.0 

I don’t know 3 9.1 9.1 12.1 

Agree 24 72.7 72.7 84.8 

Strongly Agree 5 15.2 15.2 100.0 

Total 33 100.0 100.0  

 

Question_32 

 Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Disagree 1 3.0 3.0 3.0 

I dont know 2 6.1 6.1 9.1 

Agree 19 57.6 57.6 66.7 

Strongly Agree 11 33.3 33.3 100.0 

Total 33 100.0 100.0  
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Question_33 

 Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid I don’t know 1 3.0 3.0 3.0 

Agree 23 69.7 69.7 72.7 

Strongly Agree 9 27.3 27.3 100.0 

Total 33 100.0 100.0  

 

Question_34 

 Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Disagree 4 12.1 12.1 12.1 

I don’t know 6 18.2 18.2 30.3 

Agree 19 57.6 57.6 87.9 

Strongly Agree 4 12.1 12.1 100.0 

Total 33 100.0 100.0  

 

Question_35 

 Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Disagree 2 6.1 6.1 6.1 

I don’t know 4 12.1 12.1 18.2 

Agree 22 66.7 66.7 84.8 

Strongly Agree 5 15.2 15.2 100.0 

Total 33 100.0 100.0  

 

Question_36 

 Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Disagree 2 6.1 6.1 6.1 

I don’t know 3 9.1 9.1 15.2 

Agree 18 54.5 54.5 69.7 

Strongly Agree 10 30.3 30.3 100.0 

Total 33 100.0 100.0  

 

Question_37 

 Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid I don’t know 1 3.0 3.0 3.0 
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Agree 14 42.4 42.4 45.5 

Strongly Agree 18 54.5 54.5 100.0 

Total 33 100.0 100.0  

 

Question_38 

 Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Disagree 1 3.0 3.0 3.0 

Agree 16 48.5 48.5 51.5 

Strongly Agree 16 48.5 48.5 100.0 

Total 33 100.0 100.0  

 

Question_39 

 Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Disagree 1 3.0 3.0 3.0 

I don’t know 1 3.0 3.0 6.1 

Agree 17 51.5 51.5 57.6 

Strongly Agree 14 42.4 42.4 100.0 

Total 33 100.0 100.0  

 

Question_40 

 Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Disagree 3 9.1 9.1 9.1 

I don’t know 3 9.1 9.1 18.2 

Agree 16 48.5 48.5 66.7 

Strongly Agree 11 33.3 33.3 100.0 

Total 33 100.0 100.0  

 

Question_41 

 Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Disagree 5 15.2 15.2 15.2 

I don’t know 1 3.0 3.0 18.2 

Agree 18 54.5 54.5 72.7 

Strongly Agree 9 27.3 27.3 100.0 

Total 33 100.0 100.0  
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Question_42 

 Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Strongly Disagree 1 3.0 3.0 3.0 

Disagree 4 12.1 12.1 15.2 

I don’t know 4 12.1 12.1 27.3 

Agree 18 54.5 54.5 81.8 

Strongly Agree 6 18.2 18.2 100.0 

Total 33 100.0 100.0  

 

Question_43 

 Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Disagree 4 12.1 12.1 12.1 

I don’t know 1 3.0 3.0 15.2 

Agree 21 63.6 63.6 78.8 

Strongly Agree 7 21.2 21.2 100.0 

Total 33 100.0 100.0  

 

Question_44 

 Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Strongly Disagree 1 3.0 3.0 3.0 

Disagree 2 6.1 6.1 9.1 

I don’t know 2 6.1 6.1 15.2 

Agree 10 30.3 30.3 45.5 

Strongly Agree 18 54.5 54.5 100.0 

Total 33 100.0 100.0  

 

Question_45 

 Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Disagree 2 6.1 6.1 6.1 

Agree 15 45.5 45.5 51.5 

Strongly Agree 16 48.5 48.5 100.0 

Total 33 100.0 100.0  
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Question_46 

 Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid I don’t know 1 3.0 3.0 3.0 

Agree 17 51.5 51.5 54.5 

Strongly Agree 15 45.5 45.5 100.0 

Total 33 100.0 100.0  

 

Question_47 

 Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid I don’t know 1 3.0 3.0 3.0 

Agree 22 66.7 66.7 69.7 

Strongly Agree 10 30.3 30.3 100.0 

Total 33 100.0 100.0  

 

Question_48 

 Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Disagree 2 6.1 6.1 6.1 

Agree 18 54.5 54.5 60.6 

Strongly Agree 13 39.4 39.4 100.0 

Total 33 100.0 100.0  

 

Question_49 

 Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid I don’t know 8 24.2 24.2 24.2 

Agree 21 63.6 63.6 87.9 

Strongly Agree 4 12.1 12.1 100.0 

Total 33 100.0 100.0  

 

Question_50 

 Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Disagree 4 12.1 12.1 12.1 

I don’t know 3 9.1 9.1 21.2 

Agree 20 60.6 60.6 81.8 

Strongly Agree 6 18.2 18.2 100.0 
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Total 33 100.0 100.0  

 

Question_51 

 Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Strongly Disagree 3 9.1 9.1 9.1 

Disagree 13 39.4 39.4 48.5 

I don’t know 15 45.5 45.5 93.9 

Agree 2 6.1 6.1 100.0 

Total 33 100.0 100.0  

 

Question_52 

 Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Disagree 14 42.4 42.4 42.4 

I don’t know 9 27.3 27.3 69.7 

Agree 10 30.3 30.3 100.0 

Total 33 100.0 100.0  

 

Question_53 

 Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Strongly Disagree 1 3.0 3.0 3.0 

Disagree 9 27.3 27.3 30.3 

I don’t know 9 27.3 27.3 57.6 

Agree 11 33.3 33.3 90.9 

Strongly Agree 3 9.1 9.1 100.0 

Total 33 100.0 100.0  
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Appendix C1: Normality test 

  

  Statistic Std. Error 
Questions Mean 3.9426 .05213 

95% Confidence 

Interval for Mean 
Lower Bound 

3.8376   

Upper Bound 
4.0475   

5% Trimmed Mean 3.9537   
Median 4.0000   
Variance .128   
Std. Deviation .35737   
Minimum 3.10   
Maximum 4.60   
Range 1.50   
Interquartile Range .50   
Skewness -.520 .347 
Kurtosis -.133 .681 

 

Z Value 

Skewness = 
−0.520

0.347
 = -1.49 < −1.96 (𝑁𝑜𝑡 𝑠𝑘𝑒𝑤𝑛𝑒𝑑) 

 

Kurtosis = 
−0.133

0.681
 = -0.19 < −1.96 (𝑁𝑜𝑡 𝑘𝑢𝑟𝑡𝑜𝑡𝑖𝑐) 
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Appendix D1: Systems modelling and simulation procedure (Hlupic 1999) 
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Appendix D2: Flowchart for stages in investigating systems by simulation  
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Appendix D3: Simulation Software Packages 

Computer simulation software packages are grouped into two classes: simulators and simulation 

languages. Simulators are “off the shelve” that permit models construction with little or no 

programming, this reduces time in developing simulation models. However, they gives a lesser 

degree of flexibility: a system under study has to conform to simulation area within which the 

software is formatted. On the other hand, simulation languages only allow simulation by written 

program using appropriate language, it can be customised to suit particular application at the 

expense of time or cost. Simulation software applications for industrial and academic purpose were 

investigated by Hlupic (2000), and usages in percentage in terms of simulators and simulation 

languages are shown in Figure 1. 

  

Figure 1: Applications of simulators and simulation languages (Hlupic, 2000) 

Arena is a simulation platform developed by Rock well Automation, it is a general-purpose 

simulation software using SIMAN simulation language. Models are built from graphical objects 

called modules represented by icons connected to represent entity. Modules are organised into 

collection called templates that is a core collection of modules providing general-purpose features 

for modelling all types of application. Arena can be used for discrete and continuous systems, 

utilising input and output analyser for proper distribution of data and comparison of different 

design alternatives, and a 3D player to create 3D imagery for viewing 3D animations. AnyLogic 

is another simulator that can perform different simulation strategy in discrete event, agent based, 

and system dynamics based on Java programing language. Input data can be processed using 

library of objects, while output data can be processed using a variety of chart and histograms, its 

outcomes can be exported to a database, text file, or spreadsheet. Its experimental framework 

includes simple simulation, parameter variation, compare runs, sensitivity analysis, Monte Carlo 

etc. AutoMod simulation software package main area of applications are manufacturing and 
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material handling systems. Extend is another simulator provided by imagine That Inc. Models are 

constructed in both drag and drop user interface with a developed environment for creating custom 

components. Physical as well as imaginary but logic elements are represented using graphical 

objects called blocks. Extend Sim models are built graphically by placing and connecting blocks, 

then entering parameters in the blocks dialog, each block has its icon, user interface, animation, 

precompiled code and online help. Extend Sim provides iconic process flow animation of the block 

diagram, and offers 3D animation separate but integrated with logistic simulation model; such as 

assembly line, or a functional process. Extend Sim supports agent based modelling, activity based 

costing, and statistical analysis of output data with confidence intervals (Law & Kelton 2000). 

FlexiSim is a discrete event and object oriented simulator offered by FlexiSim software products, 

Inc. It provides objects libraries for discrete event, continuous and agent based modelling, it uses 

Flexiscpript and 𝐶++ as its main language. Any flow system or process can be simulated using 

drag and drop model building. The model constructed can be personalised to suit individual’s 

requirements. FlexiSim offers animation in 3D as well as visual reality. ProModel is developed by 

ProModel in 1988 and designed primarily for modelling manufacturing systems but often used for 

non-manufacturing systems as well. Models are built using graphic user interface. In addition to 

modelling broad range of processes and projects, it also offers several focused simulations for 

specific type of planning problems such as emergency department simulation (EDS). Cost data 

can be tracks based on materials, labour, and equipment costs entered by the user. It can be 

interface with Microsoft Excel and other commercial database programs to provide standard and 

customised output reports. Moreover, its runtime interface allows for multiple scenario to be define 

for experimentation and comparison, also data can be exported to Excel as well as Minitab for 

more extensive analysis. Simul8 simulation software was introduced in 1995 with main concern 

in service industries. Models are constructed by drawing the flow of work with computer mouse, 

using icons and arrows to represent resources and queues in the system. Default values are 

provided for all properties of the icons so that animation can be viewed very early in the modelling 

process. It has a web-based version allowing users with internet browser to run models. further 

classification of simulation software packages is shown in Table 4 (Law & Kelton 2000). 
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Appendix D4: Types of Simulation Software Packages 

General purpose 
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packages: 

 

Application orientated language 

 

Manufacturing 

 

Communication 

network: 

 

Process 

reengineering 
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care 

 

Call centres 

 

Animation 

(standalone) 

 

Arena AutoMod COMNET III Arena business 

edition 

MedModel 
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edition 

 

Proof 

Animation 

 

Extend AutoSched AP IT decision guru Extend +BPR   

AweSim Extend + 

Manufactring 

OPNET 

modeller 

ProcessModel 

Symix Arena packaging 

edition 

 Service Mode; 

GPSS/H Promodel SIMPROCESS 

Micro saint Taylor Enterprise 

Dynamics 

 

MODSIM III Witness 

CACI  
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SES/workbench 

SIMPLE++ 
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Taylor Enterprise 
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Appendix D5: Framework for selecting appropriate simulation software 

Simulation packages exist for different applications, Appendix E depicts classifications of 

simulation software packages, their features, application and technical descriptions. Generally, 

simulation software selection lacks a standardized approach (Hlupic & Paul;  1999; Hlupic 2000), 

selection a particular simulation software package for a task(s) rests on the problem(s) to be solved 

(Banks 1991). Nikoukaran & Pual (1999) summarised a framework for selecting appropriate 

simulation software illustrated in the Figure below. In a related development, Fumagalli et al., 

(2019) proposed a new evaluation framework in selecting the most appropriate simulation software 

through a systematic literature analysis.  

Carry out a pre- selection survey of different software 
packages

Are the software packages selected suitable for intended 

application(s) and or organisational 

Develop a list of the selected software

Are the software packages suitable based on practical 
applications (demonstrations, pre-trials etc.)?

Rank the suitable software according to their features

Choose a particular software package base on the specific 
application(s) of interest

Negotiate a contract

Purchase and implement

No

No

Yes

Yes

Specify objective, constraints, simulation type and potential 

uses
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Appendix D6: Ranking positive features of simulation software (Nikoukaran & Pual 1999) 

Similarly, Nikoukaran & Pual (1999) ranked graphics; documentation; reports; programming; and 

input data analysis as the most important positive features to be considered for simulation software. 

The ranking is shown in the Figure below.  
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Appendix D7: General approach to discrete event simulation 

DES involves a number of organised structure that allows the representations of a great diversity 

of real world systems. The components of DES comprises of system state: describing the collection 

of basic state variables; simulation clock: which gives out the current values of simulated time; 

event list: a list providing the next time which each type of event occur. Other components are: 

statistical counters; which maintains statistical information about system performance; initializer 

routine; a subprogram to initialize the simulation model at time 0. Time routine; a subprogram that 

determines the next event from the event list and then advances the simulation clock to the time 

when that event is to occur, event routine; a subprogram that update the system when particular 

type of event occurs, library routine; a set of subprograms used to generate random observations 

from probability distributions that were determined as part of the simulation model. Report 

generator; a subprogram that computes estimates from statistical counters of the desired measures 

of performance and produces a report at the end of the simulation. Main program; a subprogram 

evokes the timing routine to determine the next event and then transfers to the corresponding event 

routine to update the system appropriately (Law & Kelton 2000). Activity cycle diagram (ACD) 

also known as entity cycle defines the logic of a simulation model. It is equivalent to a flowchart 

of a general purpose computer programs (Singh, 1996). Figure 1 below depicts the flow of control 

of basic components of simulation using the following conventions: each type of entity has an 

activity cycle; the cycle consists of activities and queues; activities and queues alternate in the 

cycle; the cycle is closed; and, activities are depicted by rectangles and queues by circles or ellipse. 
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Appendix D8: Flow control of basic DES components (Law & Kelton 2000) 
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Appendix E: Programming Languages 

The most popular high-level languages, which are further created to allow for practical application 

of assembly language on all computer platforms amongst over hundred high level language, are: 

● Common Business Oriented Language (Cobol) 
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● FORmular TRANslation (FORTRAN) 

● Beginner’s All-purpose Symbolic Instruction Code (BASIC) 

● Pascal 

● Ada 

● C 

● Visual Basic (Basic-like visual language developed by Microsoft) 

● Delphi (Pascal-like visual language developed by Borland) 

● C++ (an object-oriented language, based on C) 

● Java 

Each of these high-level languages were developed for a particular application. COBOL was 

initially designed for business applications, also used mainly for business data processing. 

FORTRAN was designed for mathematical computations and is used for numerical computations. 

BASIC was designed for novice programmers. Ada was developed for the defence and is mainly 

used for defence applications. C combined the power of assembly language with the ease of use 

and portability of a high-level language. Visual Basic and Delphi are used in developing graphical 

user interfaces and in rapid application development. C++ is mostly used for system software 

projects, writing compilers and operating systems (Liang 2013). Java has a variety of automatic 

checks for mistakes in a program, once a program contains error, the program can be fixed, and 

the program can be modified, recompiled and executed. This is repetitive until all the errors are 

resolved (Liang 2013), Figure 29 presents a graphical representation of execution sequence in Java.  
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Appendix E1: Java programming sequence of execution (Sedgewick & Wayne 2017) 
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 Appendix F: Simulation software packages classification and applications 

 
S/N Software Vendor Distinctive application(s) Software platform Primary application(s) 

 

Programming 

language 

Supported 

Simulation 

Methodology 

1 

AnyLogic 

 

AnyLogic North 

America 

 

Multimethod general 

purpose simulation tool 

Windows, Mac, Linux Manufacturing, Supply chains 

and logistic, warehousing, 

Business processes, 

Healthcare, pedestrian 

Dynamics, Railroads, Vehicle 

traffic, Oil and gas, Mining, 

Defence, Social processes and 

marketing, Ports and 

container terminals. 

Java Discreet event, 

System 

dynamics 

2 

aGPSS AGPSS simulation 

system education 

Used for DE simulation 

in uncertain that requires 

several runs  

2Windows, Mac OS x 10.10 

and later 

N/A N/A N/A 

3 

Arena Rockwell Automation 

(www.sm.com) 

Material flow analysis, 

information flow 

analysis, capacity 

analysis 

Microsoft®, Window® 8, 

Window® 8.1, Window® 7, 

Microsoft Window Vista 

(SP2 or later), Microsoft 

Window® XP Pro or Home 

(32-bit SP3, 64 bit SP2), 

Microsoft Window® Server 

2008 

Manufacturing, supply chain, 

logistics, Health care, Food 

and beverages, Packaging, 

Mining, and Call centres. 

SIMAN: 

simulation 

language 

Cinema: animation 

language 

Discreet Event  

4 

AutoMod 

 

 

(www.autosim.com) 
Material flow analysis, 

Manufacturing systems 

analysis 

Unix, Windows Manufacturing, Material 

handling and logistics, high 

tech, airport, Ports, Postal, 

Warehousing. 

English like 

scripting language; 

eg repeat, goto, if 

and wait 

commands. 

Discreet Event 
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5 

ExtendSim 

AT 

 

 

 

 

Imagine That Inc. 

(www.imaginethatnc.c

om) 

Material flow analysis, 

Information flow 

analysis. 

 

 

 

 

Window XP, Window 

7,8,10,200 or better, 

Macintosh OS X 10.4-10.6 

Manufacturing, Business, 

Healthcare, Security and 

defence, Transportation, 

Pharma, Green and 

environmental Eng, 

Communication 

 

 

 

 

 

ModL: script 

simulation 

language 

 

 

 

 

 

Discreet Event 

6 ExtendSim 

Suite Reliability, High –speed 

/Volume processes, 

Packaging Lines agent 

based, Process flow, 

System design, 

Prescriptive analysis.  

Food and beverages, 

manufacturing, Energy, Oil 

and gas, Mining, Pulp & 

paper, Government and public 

sector, Sales, Management 

presentation.  

7 

Micro Saint Alion Science and 

Technology. 

(www.madboulder.co

m) 

Material flow analysis, 

Manufacturing system 

analysis 

Unix, MacOS, Windows, 

OS/2 

Healthcare, Human 

performance, Supply chains, 

Manufacturing, Defence, 

Marketing, Finance, Energy, 

Education, Transport. 

The ‘parser’ 

converts 

mathematical and 

/or logical 

expressions into 

computer code 

Discreet Event 

8 

ProModel ProModel Corporation 

(www.promodel.com) 

Material flow analysis, 

Manufacturing system 

analysis 

Window Vista/7/8 Manufacturing, production, 

supply chain and logistics, 

health care and life sciences.  

Script simulation 

language, e.g. if-

then-else logic, 

Boolean 

expression 

Discreet Event 

9 

Enterprise 

Dynamics 

INCONTROL 

Simulation Solution 

(www.taylorii.com) 

Manufacturing, Material 

handling, Logistics 

Windows XP, Windows 7, 

Windows 8/8.1, Windows 

10 

Manufacturing, Material 

handling, Logistics 

Taylor language 

interface: macro 

language 

Discreet Event 

10 

Witness 

Lanner 

(www.lanner.com) Material flow analysis, 

Manufacturing flow 

analysis. 

Windows 7,8 or 10, OS/2 Manufacturing, Oil and gas, 

healthcare, nuclear and 

defence, 

Action Language: 

BASIC –like 

simulation 

language 

Discreet Event 
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11 Factor/Aim  

(www.wintek.com/pco

rp) 

Material flow analysis, 

manufacturing flow 

analysis. 
Windows Engineering design, 

Scheduling and planning 

Process flow 

language 

Discreet Event 

12 

FlexSim FlexSim Software 

Products, Inc. 

Simulation and 

modelling any process, 

with the purpose of 

analysing, understanding, 

and optimizing that 

process.  

Windows Manufacturing, Packaging, 

Warehousing, Material 

Handling, Supply chains and 

logistics, Healthcare, Factory, 

Aerospace, Mining 

 

Discreet Event 

13 

Quest 

 

(www.deneb.com) Material flow analysis, 

manufacturing systems 

analysis. 

N/A N/A 

SCL-Simulation 

control Language N/A 

14 

Simio Simio LLC A product of professional 

modellers and 

researchers, powerful OO 

modelling and integrated 

3D animation for rapid 

modelling 

Windows Academic, Aerospace and 

defence, Airports, Healthcare, 

Manufacturing, Mining, 

Military, Oil and gas, supply 

chain and transportation. 

N/A Discreet Event 

15 

Simple ++ Siemens Product 

Lifecycle Management 

Software Inc. 

Material flow analysis, 

manufacturing systems 

analysis. 

Windows Visualization analysis and 

optimisation of material flow, 

resource utilisation and 

logistics 

SimTALK: 

simulation 

language 

Discreet Event 

16 

SIMUL8 SIMUL8 Corporation Lean, Assembly line, 

Strategic planning, Line 

balancing, Capacity 

planning, Health care 

systems, Shared services 

Windows Manufacturing, Healthcare, 

Education, Engineering, 

Supply chains and logistics, 

Business, BPMN, Lean, 

Public sector, Call centres.  

 

Discreet Event 
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Operating systems/Software /Hardware support: 

S/N 

Software Mixed 

Discreet/Continuous 

Modelling? 

Other software utilised by the 

tool to perform specialised 

function(s) 

External program that can control or run the software Multiprocessor 

CPU support? 

1 

AnyLogic 

 

Yes Excel, Access, any database, 

optQuest, Stat::Fit, any java/DLL 

library. 

AnyLogic model can be exported as standalone Java 

applications that can be run from/by any other application 

 

Yes 

2 Arena Yes OptQuest Visual studio for the purpose of automation as well as 

VB 

 

Yes 

3 ExtendSim 

AT 

Yes Excel, Access, SQL SEVER, 

MySQL, Stat:: Fit JMP, Minitab, 

any custom DLL 

 

Can be control and communicated with as a COM 

Automation server by Excel, Access, or any other 

Windows application that can be configured as an 

Automation controller. 

N/A 

 

4 ProModel  Excel, Access 

 

Vision  

5 Enterprise 

Dynamics 

Yes Various Various Yes 

6 

Witness Yes Can link in any COM enable DLL 

or EXE as a component module 

 

OLE and COM control options Yes 

7 Factor/Aim Yes Excel Various N/A 

8 

FlexSim Yes Excel, database software, C++ 

applications 

OLE, ActiveX 

N/A 
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9 Simio Yes Macrosoft Azure, Wonderware, 

OptQuest.Net Programs, Excel, 

Access, SQL server, MySQL 

 

Wonderware, OptQuest, any.Net Programs Yes 

10 Simple ++ Yes Matlab, C dlls, Excel, SAP, 

Semantic IT, Teamcenter, 

AutoCAD, Microstation. 

 

Any software supporting remote control functionality. Yes 

11 SIMUL8 Yes Excel, Start::fit, OptQuest, SQL 

Databases. 

 

Excel, any COM enabled IDE Yes 

 

Model Building: 

S/N Software Graphical Model 

Construction 

(e.g. Icon or drag 

and drop) 

Code reuse 

(e.g. objects, 

templates?) 

Input distribution 

fitting 

Output analysis support Batch run/Experimental design 

1 AnyLogic 

 

Yes Yes Built-in distributions 

plus custom 

distribution. 

Distribution fitting with 

start: Fit, ExpertFit, or 

other software. 

 

Report, model execution logs, charts, output to 

the build –in fully integrated database or any 

external data source (databases, spreadsheets, 

text files) 

Flexible user interface to create the 

fallowing experiments: Parameter 

variation, compare runs, Monte 

Carlo, sensitivity analysis, 

calibration, and custom 

2 aGPSS Yes N/A              N/A Student’s distribution confidence intervals                     N/A 
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3 Arena Yes Yes Arena Input analyser to 

fit distributions 

Arena output analyser and process analyser Process analyser allow the user to 

run a series of different model runs 

in a batches 

4 ExtendSim 

AT 

 

Yes 

 

 

Yes 

 

 

pre-defined 

distributions plus 

includes Stat: Fit 

software for 

distribution fitting 

 

Scenario Manager factors and responses 

can be dialog variables, database 

tables/records/fields, and even entire 

databases. Also sensitivity analysis, 

quartile and interval statistical analysis, 

Gantt charts, and confidence intervals plus 

export to other applications for analysis.  

 

 

 

 

 

At user option. Store run results 

in the internal database or export 

to an external application. DOE 

includes manual, full factorial, 

and two options each for JMP 

Custom design and Minitab 

optional design. 

5 ProModel N/A Yes statistical distribution 

available 

 

Output Viewer and Minitab Running multiple scenario 

6 Enterprise 

Dynamics 

Yes N/A Comes with the 

Autofit module that 

allow users to 

generate distributions 

based on actual data 

 

Functionalities for generating reports and 

experimental wizard for extensive analysis 

The scenario Manager allows 

the user to define experimental 

designs. Batch runs are part of 

the functionality of the 

Experimental Wizard.  

7 Witness  
Yes 

Recommend 

ExpertFit (not 

included with 

software) 

 

Multi response tables/ charts, variance and 

boxplot charts, confidence intervals, 

parameter sensitivity report. Direct link to 

Minitab 

WITNESS Experimenter, 

simple and advanced modes, 

line by line or ranges/sets 

combination, batch command 

options 
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8 Factor/Aim  

Yes 

 

Yes N/A 
Standard output reports and graphs in 

addition to customised reports and graphs 

using Access report wizards that can be 

move to excel spreadsheets for additional 

processing.  

 

An interactive run process 

provides support for verification 

and validation through 

automatic animation. 

9 FlexSim  

Yes 

 

Yes 

Fully integrated with 

ExpertFit 

A full suite of charts and graphs in the 

Dashboard, as well as extensive Excel 

output options. 

 

An experimental engine is built 

in to the software 

10 Simio  

Yes 

 

Yes 

Works with ExpertFit 

and Stat::Fit. 

Supports table driven 

input sampling. 

 

More plots for risk analysis, sensitivity 

analysis, custom dashboards, 

comprehensive data in pivot tables, export 

summary or details to external packages 

Run manual scenarios with 

multiple replications. 

Concurrent full use of all 

processors. Built-in ranking and 

selection 

11 Simple ++  

Yes 

 

Yes 

Beta, Binomial, 

Cauchy, Continuous 

Empirical, Erlang, 

Gamma, Laplace, 

Normal, Pareto, 

Poisson, Triangular, 

Uniform, Weibull, 

and many others.  

 

Datafit, Charts, Sankey, Bottleneck 

Analyser, Energy analyser, Neutral 

Networks 

Build –in Experimental 

Manager supporting distributed 

simulation 

12 SIMUL8  

Yes 

 

Yes 

Custom options 

within software and 

Stat:: Fit 

 

N/A 
Multiple replications and 

scenario management 
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Model Building  

S/N Software Optimisation Free model packaging Export 

Animati

on? 

Compatible 

Animation 

software? 

3D 

Animation? 

Import 

CAD 

Drawing

? 

Cost 

Standard Student 

version 

1 AnyLogic OptQuest 

include and any 

custom 

optimisation 

algorithms 

Model can be exported as 

standalone Java 

applications or shared 

online on 

RunTheModel.com 

 

Yes Yes YES YES N/A Free 

2 aGPSS Grid search N/A N/A N/A Yes N/A $700,00 From 

$150.00 

3 Arena OptQuest for 

arena 

 

Arena Run time Yes Yes YES YES Price upon 

request 

Price upon 

request 

4 ExtendSim 

AT 

 

 

 

An evolutionary 

optimizer is 

included 

Two Run Time packages 

are available: the 

Demo/Player and the 

analysis. Open and run 

models built by others. 

Change parameters and 

view results 

 

 

N/A 

 

 

 

 

Yes YES 

 

 

 

 

YES $2495 for 

node-locked 

licence. 

Discount for 

education 

licenses.  

$ 100 

download; 

discount are 

available 

for students 
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6 ProModel Through 

SimRunner 

ProModel Silver RunTime    YES 21500 30 

7 Enterprise 

Dynamics 

Various 

integrated links 

to optimizers 

Through Enterprise 

Dynamics Viewer  

Yes Yes YES YES Between $ 

4,500 to 

$17,800 

depending the 

type of license. 

 

Free 

8 Witness Algorithms 

incorporated in 

WITNESS 

Experimenter 

include 

simulated 

annealing, Tabu 

search, Hill 

Climb and Six 

Sigma 

Algorithm  

 

Licenses available for Run-

only 

Yes Yes YES YES Prices on 

application 

range of 

options 

Very low 

licenses or 

subscriptio

ns for 

academic 

use 

9 Factor/Aim N/A N/A Yes Yes Yes Yes N/A N/A 

10 FlexSim Available 

optimization 

engine powered 

by OptQuest.  

 

The free trial version of 

flexSim is capable of 

running any simulation 

model built with FlexSim 

Yes  YES YES $10,000 to 

20,000 

$0 - 100 
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11 Simio OptQuest, 

featuring Multi-

objective and 

pattern frontier 

optimization 

 

It requires team edition or 

above to package model 

Yes Yes YES YES On request $ 25 

12 Simple ++ Generic 

algorithm, 

Layout 

optimiser, 

Neutrla 

Networks, Hill 

Climbing, 

Dynamic 

Programming, 

Branch Bound 

 

Build-in pack and GO 

functionality 

Yes Yes Yes Yes Various Free 

13 SIMUL8 OptQuest SIMUL8 Viewer and 

SIMUL8 Web 

N/A N/A YES YES $7,495 $1,995 
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Appendix G1: Enterprise Dynamics 

Enterprise dynamics (ED) is data driven simulator, which can be used to model, simulate, 

visualize, and monitor dynamic flow process of activities and systems (Nordgren, 2001). Model is 

constructed in ED to run in time similar to that occurring in real world situations, however, 

simulation time can be compressed in order to speed up the process. Models are built in built in 

virtual environment where atoms (representing system elements such as product, server, queue, 

sink etc.) are selected from standard libraries, Enterprise dynamics uses open source simulation 

language called 4Dscripts to fit particular modelling requirements with more than 1500 available 

functions. It also utilises the visualization tool allowing the simulation process to be visualize in 

2D, 3D or visual reality animation ED is initiated with opening a window as shown in Figure 1 

below: it comprises of six main parts; a menu bar used for opening, saving files, printing etc. 

Difference icons are displayed: Model for creating and viewing models; simulate for opening a 

new Run Control or Clock window; results for generating reports and graphics of an independent 

simulation run, and experimentation for designing, performing and evaluating an experiment with 

multiple simulation runs (Incontrol Simulation Solution, 2017).  

 

Figure 1: Enterprise dynamics opening window (Incontrol Simulation Solution, 2016).  
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Appendix G2: Main menu bar options on ED simulation software 

ED contains atom editor for new atom building; 4DScript interacts with Autofit to fit a distribution 

to a given data, display for regulating visualization of the model in 2D or 3D. The most commonly 

used menu options and their applications are explained in Table 1. 

Table 1 Main menu bar options on ED simulation software  

ED main menu options 

File Make, open or save files or to control standard functions such as 

printing or file location.  

Model Create and view models. 

Simulate To open a new Run Control or Clock window and find the History 

settings. 

Results To generate reports and graphics of a single simulation run. 

Experimentation To design, perform and evaluate an experiment with multiple 

simulation runs. 

Tools Contains tools such as the Atom Editor for atom building, 4DScript 

interact and Autofit to fit a distribution to given data. 

Display Regulate the visualization of the model in 2D or 3D. 

Search To find atoms in the Model Tree that are selected in the Layout 

Window, and vice versa. 

Window Includes various windows such as the 4DScript words overview, 

the Tracer and the Resource Manager for icons and 3D models. 

Help Includes the complete guidebook as well as company and version 

information. 

 

In ED construction, an atom represents an object with information including codes, data, 

relationships, time, connection, animation and sides in X, Y, Z axis. Atoms are grouped by virtue 

of their functionality, e.g., the basic modelling group consists of a product, source, server, sink, 

node, and container; other groups are the transport, storage, processing, operators etc., as described 

below, which can also be seen in Figure 1. 

✔ Basic modelling: the essential atoms to make basic models 
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✔ Availability: time schedules (MTBF, MTTF, etc.) 

✔ Conveyor: accumulating, non-accumulating etc. 

✔ Experimentation: experiment, optimization atoms etc 

✔ Flow control: lock, unlock, controller etc. 

✔ Results: monitors, reports, Gantt-chart 

✔ Virtual reality (VR): Collection of atoms to make VR representations 

✔ Visualization: Collection of atoms to help visualize a model 

 

Figure 1: Library tree in ED model 

An ED model is built by placing required atoms from the ED standard library tree.  A chosen atom 

for a particular application relies on its ability to imitate closely the real-world resources it 

represents. A provision is made in atom editor to tailor an atom based on specific needs to 

adequately mimic a real-life resource. Figure 2 depicts a simple ED model comprises of a source 

(representing products), queue (buffer), server (such as machines), and sink (to storage) 

 

Figure 2: A Simple ED model 
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Behaviour and functionality of each atom must be defined, and parameter(s) need to be assigned. 

The parameters assigned to an atom can be edited to generate different scenarios of model 

performance (Nordgren 2001). The following common characteristics are attributable to each 

atom:  

● Age – time from creation or reset 

● Content – current number of atoms contained in an atom 

● Avgcontent – average number of atoms contained in an atom since re-set 

● Avgstsy – average time (sec.) atoms have stayed in an atom since re-set 

● Input – number of atoms which have entred 

● Output – number of atoms which have existed 

● Status – state of an atom  

● Entrytime – time (sec.) at which an atom has entered 
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Appendix G3: 4DScript and Pre-defined Options in ED 

ED uses 4DScrit as its programming language; 4DScrits is open source simulation language that 

can be used to set up properties specified by users on atoms that consist of a simulation model. 

There are over 20 different standard distributions that can be used to replicate randomness of the 

real system behaviour in ED simulation some of which are described in Table 1 below. The use of 

bold in the 4DScript indicates that the value can be editable. 

Table 1 Standard statistical distributions 

4DScripts logic Description Application 

Uniform(min(10), min(30) 
Generate a random value 

uniformly distributed between 10 

and 20 minutes: it gives out 

values everywhere between 

lower bound of 10 minutes and 

upper bounds of 20 minutes 

It is often used to model 

quantity that is felt to be 

randomly varying between a 

and b but about which little 

is known. 

NegExp(hr(0.5)) 
Generates a random value from 

the negative exponential value 

with a mean of half an hour. It 

gives out mean around 30 

minutes and a few large below 

30. 

It is often used to generate 

random arrivals. 

Normal (120,10) 
Generates random value from the 

negative exponential value with a 

mean of 120 seconds and a 

standard deviation of 10. It gives 

out values clustered around 120, 

with about 50 values under 120 

and 50 values above 120. 

It is often used to model 

manual labour times. 

DUniform (1,6) Return a value 1,2,3,4,5 or 6, 

given out an average of 3.5 if the 

experiment is repeated several 

times. 

Used to draw a value from a 

discrete uniform distribution 
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Bernoulli (70, 5, 20) 70% return the value 5 otherwise 

return 20. 

Used often for random 

occurrence with two possible 

outcomes.  

There are some of common arithmetic logical operators in the 4DScripts language, which 

correspond with their respective mathematical operators are shown in Table 2. 

Table 2 Arithmetic and logical operators in ED simulation  

Logical operators 

4DScripts Description 

2 = 3  
The test will return the value 0 (false), since 

2 and 3 are not equal 

3 = 3 
The test will return the value 1 (true), since 3 

and 3 are equal. 

5 >= 5 
The test will return the value 1 (true), since 5 

is greater than or equal to 5. 

And (5 = 5, 3 > 6) 
The test will return the value 0 (false), since 

3 is not greater than 6. 

Or (5 = 5, 3 > 6) 
The test will return the value 1 (true), since 

the first parameter is true; 5 and 5 are equal. 

Mins (2) 
The mins function will return the value 120, 

for 2 minutes are equal 120 

Conditional statements 

If (Time > 3600, 1) 
Return the value 1 if the current time in the 

simulation is greater than 3600 seconds. 

If (Time > 3600, 1, 2) 
Return the value 1 if the current time in the 

simulation is greater than 3600 seconds, if it 

is false then the third parameter is executed 

and the code return value 2. 

Assignment 

(:=) 
Assign a value to a property 

Do 
Used when more than single statement needs 

to be executed. 
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if (2 > 1, Do (msg ([A]), Msg ([B]))) 
If 2 is greater than 1, massage A and massage 

B will be executed. 

Iteration 

Repeat (e1, e2) 
Repeat statement e2 by e1 specified number 

of times 

While (e1, e2) 
A while loop repeats statement e2 while the 

condition e1 is true. 

LoopUntil(e1,e2) 
Executes the specified 4DScript expression 

e2 until expression e1 is true. 

  

Labels 

In ED, Labels play an important role in variables attached to individual atoms via creation trigger 

on a source and trigger on entry/exit, respectively, which store information on those atoms in terms 

of unique features such as type, weight, size, customer number, etc. to add extra data or distinguish 

different items like that of a bar code on a real product. It can also provide information on how to 

route and/or process the product using values and strings defined in ED 4DScript programming 

language. Table 3 shows an example of a few assignments to Label function. 

 Table 3: 4DScripts used to assign a Label 

Label ([type], i) 
Return the value of the Label named type on the involved 

atom i. 

Label ([Weight], i) := 9 
Assigned a Label named Weight containing the value 9. 

Label ([Weight], i) := 

Uniform (8,11) 

Set the value of the Label named Weight containing value 

uniformly distributed between 8 and 11. 

 

Product Atom  

Product atom is used to specify characteristics of the product moving in the model; it consists of a 

general and a visualization tab. In a general tab, name can be given to the atom specified, size in 

X-direction (length in meters), Y-direction (width in meters) and Z-direction (height in meters) are 

also indicated.  In the general tab, properties of the atom to be observe in 2-dimensional axis, 3-
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dimensional axis or colour are specified (Incontrol Simulation Solution, 2016). The product atom 

window is shown in Figure 1.   

 

       

Figure 1: Product atom (Incontrol Simulation Solution 2016) 

The Source Atom: 

Source atom is used in ED to generate products into the model; the products generated can be 

physical or tangible. Source GUI is showed in Figure 2. 

 

Figure 2: Source atom (Incontrol Simulation Solution 2016) 

The following parameters are specified in a source atom: 

● Inter-arrival Time 
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Time between 2 product atom arrivals. This time is measured in any unit and can be constant, but 

also defined by a probability distribution with parameters and values. 

 

● Time till First Product 

This indicates arrival time of the first product into the model. 

● Number of Product 

To permit the entry of products to the model, the default option is unlimited; it also allows 

maximum products to enter the model. 

● Send To 

Sent to option provides available output channels through which atom leaves as shown in Figure 

3. Sent to rules can also be modified using 4Dscript language.   

 

Figure 3: Send to options (Incontrol Simulation Solution 2016) 

The descriptions of each pre-define options and 4Dscripts are discussed below; in these 

descriptions, all editable parameter and text in the pre-defined options is shown in bold 

✔ Specific channel: always send to channel 1 

Product atom always leaves through defined output channel.  

✔ An open channel (First channel first): search, starting from the last channel, and send to 

the first open channel found.  

ED will search the first open output channel in successive order starting from the first channel and 

send the atom to that channel.   

✔ An open channel (last channel first): search, starting from the last channel, and send to 

the first open channel found.  
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ED will search first available output channel starting from the last channel in consecutive order 

and send the atom to that channel. 

✔ A random open channel: choose a random channel from all the open output channels. 

ED will send atom randomly from all open channels. 

✔ By percentage. 90% of products go to channel 1, the remaining percentage go to channel 

2. 

Products are send to defined channels in ratio as shown in Figure 4. 

 

Figure 4: Probability distribution in ED send to options (Incontrol Simulation Solution 2016) 

✔ By atom name: if the atom name of the 1st in the queue matches AtomName then send to 

channel 1 else 2. 

Products atom are send to a specified channel based on their given name. 

✔ By label value (direct): the channel number is written directly on the label named 

LabelName of the 1st atom in the queue. If the label value is 0 then send to channel 1. 

Atom are sent to output channel based on the value attached to them corresponding to the value of 

the output channel. 

✔ By label (conditional): if the value on the label named LabelName of the 1st atom in the 

queue is ˂ the value 1 then send to channel 1 else 2. 

Atom is sent to output channel in accordance with value attached to them, when the value is less 

than 1, atom is sent to channel 1 else send to channel 2. 

✔ By label text on the label named LabelName of the 1st atom in the queue matches text then 

send to channel 1 else 2. 

Atom are sent to output channel based on a specific text attached to them. 

✔ Conditional statement: if 1 ˂ than 0 then send to channel 1 else send to channel 2. 

A specific value is attached to the product atom and if the assigned value is greater than another 

value, the atom is sent to channel 1, otherwise to channel 2. 
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✔ By icon name: if the icon name of the 1st atom in the queue matches IconName then send 

to channel 1 else 2. 

Specified icon name attached to the product and a name defined, if the icon name agree with the 

defined name atom is sent to channel 1, else channel 2. 

✔ By icon number: if the icon number of the 1st atom in the queue = the value 1 then send to 

channel 1 else 2. 

Atom is sent to channel 1 if atom icon number is equal to 1 else to 2. 

✔ Round robin: all output channels are use in rotation. If channel is closed, then wait until 

open. 

Atoms are sent to all output channels in succession.  

✔ Lowest queue: Send to the channel connected to the atom with lowest queue. 

Atoms are sent to the output channel with lowest queue.  

✔ Largest queue: Send to the channel connected to the atom with largest queue. 

Atoms are sent to the output channel with largest queue. 

✔ Look up table: Send to the channel specified in row 1 column 2 of the global table named 

table1 

Atoms are sent based on the data specified on column and rows of a table. 

✔ Round robin if available: all output channels are use in rotation if channel is available. If 

channels is close, then next available channel is chosen. 

All output channels are use one after another in sending atoms, if a channel is closed a next 

available channel is selected. 

✔ Marching icon number or empty: Send to a queue containing products of same icon. If no 

icons match, then sends to first empty queue starting with first output channel. 

Atoms with same icon number are sent to arrive in a queue at the same time. 

✔ Lowest queue of next two atoms: send to the output channel connected to the lowest queue 

takes into account the next TWO atom. 

Atoms are sent to output channel connected to the queue with lowest content. 

✔ By used: enter your 4Dscrpts expression resulting in a value between 1 and the number of 

channels: 1, press the small button for the 4Dscripts editor. 

Users tailored their own output pattern using 4DScripts.  
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✔ Random channel: randomly choose a channel, if the 1st channel is open then send it, 

otherwise choose again, when any channel open.  

Output channels are selected randomly, if an output channel is closed the next output channel is 

selected. 

● Trigger on Creation   

The command in this field is performed when an atom enters the model. The user can define their 

own 4DScript expression, or pick from one of the pre-defined options shown in Figure 5. 

 

 

Figure 5: Trigger on creation pre-defined options (Incontrol Simulation Solution 2016) 

✔ Assign label: products are assigned a label named LabelName with a value of 1. 

A specific name with fixed value is attached to a product  

✔ Auto Name: a counter is added to the end of each product's name. 

A counter is added to the product name consecutively.  

✔ Random icons: products are assigned a random icon number between 2 and 6. 

A random icon is attached to a product with a random value bounds between two values. 

✔ Set Size: product dimensions are set to: X= 50 cm, Y= 40 cm, Z= 30 cm. 

The dimensions of a product are defined in accordance with the entered values. 

✔ Random Size: product dimensions are randomly set within the following ranges: X= 50 to 

100 cm, Y= 50 to 100 cm, Z= 50 to 100 cm. 

This is entered to change the product’s dimensions based on the random values within the 

boundaries defined by the user. 

✔ Set Colour: products are set to the colorpurple. 
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A product’s colour is specified by user. 

✔ Random colour: products are assigned a random colour. 

Random colour is assigned to a product.  

✔ Random Size and Colour: products are assigned a random colour and its dimensions are 

randomly set within the following ranges: X=50 to 100 cm, Y= 50 to 100 cm, Z= 50 to 100 

cm. 

Both random colour and size are assigned to a product within the boundaries defined by the user.  

✔ Outline: display the products as a simple outline, not its icon. 

Displays a simple outline of a product, hiding its icon. 

✔ Do Nothing. 

A standard setting where no action is executed. 

● Trigger on Exit    

The command in this field is executed when a product is leaving the atom. You can either use 

your own 4DScript command, or one of the pre-defined expressions as shown in Figure 6. 

 

Figure 6: Trigger on exit options (Incontrol Simulation Solution 2016) 

✔ label ([?], i): =? 

This command is used to attach a label leaving the atom, the two questing marks are used to input 

values by the user e.g.  setlabel([label name], value, i). 

✔ Name(i): =[?] 
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This option is used to change the name of the atom leaving, the questing mark “?” is used by the 

user to input the name preferred for the atom. 

✔ Icon(i): =? 

Used to change the atom’s icon into value, question mark ‘?’ is used to insert the number required 

by user. 

✔ Icon(i): = IconByName([?]) 

Used to change the icon into the icon with the name, question mark ‘?’ is used to insert the icon 

name preferred by user. 

✔ Color(i): = ColorYellow 

This option is use by user to assign colour preferences to product atom.  

✔ setsize(?,?,?,i). 

It is used to assigned product’s physical characteristics according to defined sizes of x, y, and z 

directions. 

✔ setloc(?,?,?,i). 

The command in this field is used to provide the atom with a new location, as defined in the 

command x, y, and z. 

✔ FreeOperators(AtomByName([Team], Model), i). 

This option permit Operator to be re-used after utilization. 

✔ if (?=?,?,?). 

This is a conditional statement for comparison. E.g If “?” and “?” are equal, command 1 will be 

executed, otherwise “?”.The mark ‘?’ is used to insert the statement by the user. 

✔ if(=(label([?], i):=?,?,?). 

This is also a conditional statement for comparison where label’s value assigned. Eg.  

if(Label([Accept], i) = 1, Color(i):= ColorBlack, Color(i), ColorYellow), if the label ‘Accept’ has 

the value 1, we can color all accepted products black and all approved products yellow. 

✔ if(CompareText(Name(i), [?]),?,?). 

This option is also use for conditional comparison where atoms’ name are considered. 

✔ Visualization Tab. 
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This option is use in presenting source atom in 2D window.  

Server Atom    

The Server is used to model operations taking a certain amount of time such as the processing of 

a product by a machine or a customer’s settlement at a cash desk. As a result, the Server can 

represent a human and/or machine, a counter, an assistant or another type of processing place or 

device. As well as cycle times, other parameters can be defined such as setup times or the 

simultaneous processing of several products. When an atom (often product) enters a server, it 

remains in the server for a certain time as a process is undergoing. GUI of server atom is shown in 

Figure 7.  

 

Figure 7: Server atom (Incontrol Simulation Solution 2016) 

In the server atom, the following values can be specified, and the pre-defined option can be editable 

as well: 

In the general tab, the following can be obtained: 

● Setup Time: 

Time before the actual processing time starts, setup time is considered as non-value activity, these 

activities can be arranged as set up for equipment, cleaning of machines etc.  

● Cycle Time: 
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This refers to actual processing time of a product by a server. Pre-define options and 4DScripts 

like one shown in Figure 8. 

 

Figure 8: Pre-defined and 4DScript code options for the cycle time in ED (Incontrol Simulation 

Solution 2016) 

● Send To 

A product is sent through this channel. It has the same function as sent to function of the source.  

● Input Strategy: 

Used to control entrance to an atom from previous atom, it can open one or more channels and can 

define the order in which products accepted from the available channels. 

● Trigger on Entry: 

This action is executed when an atom enters a server, also, it has the same function as trigger on 

entry of the source function of the source.  

● Trigger on Exit: 

This action is executed when an atom leaves a server, also, it has the same function as trigger on 

exit of the source of the source. 

● Trigger on End of Setup: 

This is an instruction that governs action to be achieved at the end of the server setup time. 

Specific Tab: 

● Batch (B) 

This define the batch size. 

● Batch rule 
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This option is used to set up the flow of batches from and to the atom. Three rules can be specified: 

✔ B in, 1 out (the first). 

As soon as the number of products that have entered the Server is equal to the batch size, the 

product at the front forwarded to the next atom. The other products are disappeared. 

✔ B in, B out. 

As soon as the number of products that have entered the Server is equal to the batch size, the 

products forwarded to the next atom. The Server accept products again only when all products of 

the batch have left the Server. 

✔ 1 in, B out (copies of in). 

Each time a product enters the Server, as many products as defined in the batch input field leave 

the atom. The products are all copies of the atom that entered the Server. The Server only accept 

a product when all other products have left the Server atom. 

● Busy time 

When this option is checked, time taken into consideration in the “Mean Time Between Failure” 

considered not the total simulation time. 

● MTTF 

MTTF stands for Mean Time To Failure, signifying average time elapsing between end of a repair 

and the beginning of next failure.  

● MTTR  

MTTR stands for Mean Time To Repair. It defines average time needed to restore the Server. 

Figure 9 shows different probability distribution used to model a random time for mean time to 

repair. 

 

Figure 9: Probability distribution for mean time to repair in ED model (Incontrol Simulation 

Solution 2016) 
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● MCBF 

MCBF stands for Mean Cycles Between Failure. It determines the average number of cycles 

between two failures. Different probability distributions are used to model mean cycle between 

failures as shown in Figure 10.  

 

Figure 10: Probability distributions for mean cycle between failures in ED (Incontrol Simulation 

Solution 2016) 

● Trigger on Breakdown 

When this action is performed at the start of breakdown period of the Server, it has the same 

function as trigger on exit of the source. 

● Trigger on Repair 

When this action is performed at the start of the repair period of the Server, it has the same 

function as trigger on exit of the source. 

Visualization Tab: 

The 2D and 3D window. 

Queue Atom: 

This atom serves as a waiting area for products or similar items to be simulated as shown in Figure 

11. 
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Figure 11: Queue atom (Incontrol Simulation Solution 2016) 

In the queue atom, the following settings can be edited: 

● Capacity 

The Queue’s capacity.  

● Send to 

Products are sent through this channel. It has the same function as sent to function of the source 

and Server. 

● Queue Discipline 

This defines a rule in which products are arranged in the queue. The following options are 

utilised: 

✔ First in first out. 

Atoms are put in the queue according to their order of entry. 

✔ Last in first out. 

Atoms are put in the queue in reverse to their order of entry. 

✔ Random. 

The incoming atoms are placed in a random spot in a queue.  

✔ Sort by Label Ascending. 

The products with the lowest value for a specific label are placed at the front 

of the queue. 

✔ Sort by Label Descending. 

The products with the highest value for a specific label are placed at the front of the queue. 
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✔ User defined. 

Atoms are placed in the queue according to user preferences as defined using 4DScrpit. 

● Input Strategy 

This can be used to indicate which input channel to be utilised. It has the same function with 

input strategy of the Server. 

● Trigger on Entry 

This action is executed when an atom enters a server, it has the same function as trigger on entry 

of the source of the source. 

● Trigger on Exit 

This action is executed when an atom enters a server, it has the same function as trigger on entry 

of the source of the source. 

● Visualization Tab: 

✔ The Icon and 3D Icon are used to represent the Queue in the 2D and 3D window. 

Sink Atom: 

This is the final destination of the products, products or similar items vacate the model through 

this atom. Figure 12 shows window of the sink atom in ED. 

 

Figure 12: Sink atom (Incontrol Simulation Solution 2016) 

● General Tab: 

✔ Trigger on Entry 



 
 

181 
 

This defined a rule to be executed as soon as a product enters the Sink. 

● Visualization Tab: 

✔ The Icon and 3D Icon are used to represent the Queue in the 2D and 3D window. 

Assembler Atom 

Assembler atom is shown in Figure 13.  It acts as server merging atoms into a single atom. It is 

used for simulating real assembly such as joining operations and other useful work such as packing 

products in boxes or on pallets, order-pulling schemes, mixing operations etc. Atoms entering 

Assembler represents containers, packages, assembly components, orders, or ingredients making 

the final product. Assembler atom references its bill-of-material table to define the amount of 

materials (atoms) to be joined from each of its input channels. Bill-of-material table has one row 

for each input channel, and the number of columns can be specified by the user. The number of 

columns indicates the number of assembly types to be modelled. Each column of the bill-of-

material table lists the quantity of atoms required from each input channel for that assembly type. 

By pushing the button ‘Edit B.O.M. Table’, the tab sheet allows you to enter for each entry atom 

the number of atoms to be assembled. The number of columns matches the number of input 

channels. However, separate column can be created for each product type to be assembled 

(Incontrol Simulation Solution, 2016).  

            

Figure 13: Assembler atom and Table for bills of materials (Incontrol Simulation Solution 2016) 

In the general tab page of assembler atom, the following are specified: 

✔ Cycletime 

The processing time is required for the products.   
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✔ Send to 

Products are sent through this channel. It has the same function as sent to function of the source 

and Server. There are a number of rule predefined, also, users can used 4Dscripts for their 

preferences.  

✔ Column reference b.o.m. 

Defines the column (by number) in the bill-of-material table referenced in determining number of 

atoms required for the current assembly, joining or similar operation. This field can be specified 

using a value or a 4DScript expression returning a value. 

✔ Display Contents 

This box is ticked to display atom after entering Assembler atom. 

✔ Pack Contents 

If this box is checked, all atoms entering through input second channels and higher will be moved 

inside the atom that first entered through the first channel 1. If not checked, then atoms entering 

input channels 2 and higher will automatically be destroyed. 

✔ Trigger on Entry Channel 1 

A rule that determines what kind of action needs executed when a Product atom enters input 

channel 1 of the Assembler atom. There are a number of rules predefined; also, users can used 

4Dscripts for their preferences.  

✔ Trigger on Entry channel 2 

A rule that determines what kind of action needs to be executed when a Product atom enters input 

channel 2 or higher of the Assembler atom. There are a number of predefined rules; users can use 

4Dscripts for their preferences.  

✔ Trigger on Exit 

A rule that determines what kind of action needs executed when a Product atom exits the 

Assembler atom. There are a number of rules predefined, also, users can used 4Dscripts for their 

preferences.  

● Edit Table 

This option opens the bill-of-materials table. When the table appears, the following can be defined: 

✔ Number of input channels 

Increase / decrease the number of input channels 
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✔ Number of output channels 

Increase / decrease the number of output channels 

✔ Icon 

The icon displayed as part of the 2D visualization of the atom. 

✔ Input Channels 

Gateway to atom entering the assemble atom; it has a minimum of 2 and a maximum of 255 input 

channels. 

✔ Output Channels 

Exit to atom leaving the assemble atom; it has a maximum of 255 output channels. 
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Appendix G4: ExcelActiveX in ED 

ED uses ExcelActiveX atom to link with Excel for importing or writing files, with this raw data 

such as cycle times, throughput or waiting times can be imported to or exported.  Creating Excel 

workbook is the first stage, then ExcelActiveX atom is lunched from library tree into the model. 

As shown Figure 14. A connection is established between ED and Excel workbook by browsing 

Results.xls workbook created. 

      

Figure 14: ExcelActiveX atom (Incontrol Simulation Solution 2012) 

As connection is established, ExcelActiveX Write can be used to write data to the sheets of the 

workbook. To keep tract of lead times of product, the following commands are written on the 

trigger on entry of the sink: ExcelActiveX_Write(Input(c), 1, Age(i)).  To write waiting times 

(for instance) in the queue to the second column, the following command on the ‘Trigger on exit’ 

of the queue is used: ExcelActiveX_Write(Output(c), 2, Age(i)). To read cycle time of two 

machines/servers from excel a simple source-queue-sink model. The model consists of two 

servers/machines. Cycle time of machine 1 is written on column 2 raw 3, while that of machine 2 

is written on column 2 raw 4 as illustrated in Figure 15a and 15b. 

To read the cycle time of the first machine/server the following command is specified on the cycle 

time GUI of the sever in the enterprise dynamics model: ExcelActiveX_Read(3, 2, [Sheet1]). 

And that of the second server: ExcelActiveX_Read(4, 2, [Sheet1]).   
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Figure 15a: A simple ED model linked to excel (Incontrol Simulation Solution 2016) 

 

Figure 15b: Excel sheet linked to ED (Incontrol Simulation Solution, 2016) 

Moreover, data can be stored in a table for easy access within ED, large data can be stored, read 

or write from the table. A GUI is shown in Figure 16.  

 

Figure 16: Data Table (Incontrol Simulation Solution 2016) 

Tables provides an opportunity whether an alias for the table will be created: if the option ‘Used 

atom name’ is checked, the name of the atom is used as the alias name, otherwise a different alias 

name can be specified. If the alias of the table is MyData and create alias is checked two 4DScript 

function will be created: MyData and SetMyData. Furthermore, a global variable RefMyData will 
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be created. These variables can now be used to access the table from any other atom. If alias name 

MyTable is created and the table can be accessed anywhere in a model. ‘Edit table’ allows a table 

edit window where table data and number of rows and columns can be modified.  To access a cycle 

time for a server in a model, the cycle time is stored in the table MyTable using a constant or 

execString (MyTable(2,3)). Also, lead times for a product trace is stored in the table by writing 

SetMyTable (Input©,1, Age(i)) in the exit trigger of the sink. 
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Appendix H: Java Programming Code 

import javax.swing.JOptionPane; 
 
public class AssemblyTimes { 
 
public static void main(String[] args) { 
   
final double IncompressibleF = 0.25; 
   
  //IncompressibleF = Incompressible Factor// 
   
final double LearningI = -0.32192; 
   
  //LearningI = Learning Index// 
   
double UnitAssemblyTime; 
   
int N = 1; 
  // Input: Age of Assembly Operator // 
   
  String AgeOfAssemblyOperatorString = 
JOptionPane.showInputDialog("Enter Age of Assembly Operator as an 
integer, example 30:"); 
   
int AgeOfAssemblyOperator = 
Integer.parseInt(AgeOfAssemblyOperatorString); 
   
  //Input: Experience Level of Assembly Operator // 
   
  String ExperienceLevelOfOperatorString  = 
JOptionPane.showInputDialog("Experience Level of Assembly Operator, 
estimate number of times an assembly operator performed similar 
operation:"); 
   
int ExperienceLevelOfOperator = 
Integer.parseInt(ExperienceLevelOfOperatorString); 
   
  // Input: Assigned Assembly Time // 
     
  String AssemblyTimeString = 
JOptionPane.showInputDialog("Enter Cycle Time, example 60:"); 
   
int AssemblyTime = Integer.parseInt(AssemblyTimeString); 
   
  // Input: Required Number of Assembly Unit // 
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  String TotalAssemblyUnitsString = 
JOptionPane.showInputDialog("Enter Maximum Number of Assembly Unit, 
example, 600:"); 
   
int TotalAssemblyUnits = Integer.parseInt(TotalAssemblyUnitsString); 
     
   
for (N = ExperienceLevelOfOperator; N <= 
TotalAssemblyUnits+ExperienceLevelOfOperator; N++) 
     { 
   
 /* For assigned time to assemble nth unit is equal or less than 
time to assemble nth unit by assembly operator with experience E */ 
    
if (AgeOfAssemblyOperator <= 38)   
  
 // If age age of an assembly operator is less than or equal 38 
years compute assembly time // 
  
{ UnitAssemblyTime = ((IncompressibleF + (1 - IncompressibleF) * 
Math.pow(N, LearningI)) * AssemblyTime);} 
  
else  
 // Otherwise compute assembly time// 
  
{ UnitAssemblyTime = ((100 - (100 -(0.57 + 0.012 * 
AgeOfAssemblyOperator) * (AgeOfAssemblyOperator - 38) * 0.01)) 
   
* ((IncompressibleF + (1 - IncompressibleF) * Math.pow(N, LearningI)) 
   
* AssemblyTime) + ((IncompressibleF + (1 - IncompressibleF) * 
Math.pow(N, LearningI)) * AssemblyTime));} 
 
System.out.println(UnitAssemblyTime); } 
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Appendix J: Simulation Experiments and Reports 
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Appendix K: Experimental Results 

Composition Worker 

age/experie

nce level 

Throughput assembly time 

𝛼 𝑑(𝛼) 𝛽 𝑑(𝛽) 

1 HEO 38 640 1.001 14339.04 0.141 

HEO 38 639 0.996 14318.49 0.189 

HEO 38 638 0.992 14339.04 0.141 

HEO 38 638 0.992 14297.94 0.237 

HEO 38 637 0.988 14277.39 0.285 

HEO 38 635 0.979 14236.28 0.380 

(𝐷𝑓) 0.5959 

 2 HEO 40 628 0.949 14388.08 0.027 

HEO 40 627 0.945 14367.07 0.076 

HEO 40 625 0.936 14325.04 0.174 

HEO 40 624 0.932 14304.02 0.223 

HEO 40 622 0.923 14261.98 0.321 

HEO 40 621 0.919 14240.95 0.369 

(𝐷𝑓) 0.5040 

3 HEO 45 628 0.949 14388.08 0.027 

HEO 45 627 0.945 14365.48 0.080 

HEO 45 625 0.936 14321.86 0.181 

HEO 45 624 0.932 14299.25 0.234 

HEO 45 622 0.923 14255.62 0.335 

HEO 45 621 0.919 14233 0.388 

(𝐷𝑓) 0.5105 

4 HEO 50 560 0.657 14379.06 0.048 

HEO 50 558 0.649 14351.9 0.111 

HEO 50 557 0.644 14328.32 0.166 

HEO 50 555 0.636 14281.14 0.276 

HEO 50 554 0.631 14257.54 0.331 

HEO 50 553 0.627 14233.94 0.386 

(𝐷𝑓) 0.4188 

 5 HEO 55 525 0.507 14393.52 0.015 

HEO 55 523 0.498 14343.01 0.132 

HEO 55 522 0.494 14317.75 0.191 

HEO 55 521 0.490 14292.48 0.250 

HEO 55 519 0.481 14241.94 0.367 

HEO 55 518 0.477 14216.66 0.426 

(𝐷𝑓) 0.3364 

 6 HEO 60 499 0.395 14392.18 0.018 

HEO 60 497 0.387 14339.27 0.141 

HEO 60 496 0.382 14312.81 0.202 

HEO 60 495 0.378 14286.35 0.264 

HEO 60 493 0.370 14233.41 0.387 

HEO 60 492 0.365 14206.93 0.449 

(𝐷𝑓) 0.2909 

 

7 HEO 65 471 0.275 14380.5 0.045 

HEO 65 470 0.271 14352.5 0.110 

HEO 65 468 0.262 14296.48 0.240 
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HEO 65 467 0.258 14268.46 0.305 

HEO 65 466 0.254 14240.44 0.371 

HEO 65 464 0.245 14184.37 0.501 

(𝐷𝑓) 0.2402 

8 HEO 70 445 0.164 14375.15 0.057 

HEO 70 444 0.159 14345.51 0.126 

HEO 70 443 0.155 14315.87 0.195 

HEO 70 441 0.146 14256.58 0.333 

HEO 70 440 0.142 14226.92 0.402 

HEO 70 439 0.138 14197.26 0.471 

(𝐷𝑓) 0.1693 

 

9 EO 38 633 0.970 14386.2 0.032 

EO 38 632 0.966 14365.58 0.080 

EO 38 630 0.958 14324.33 0.176 

EO 38 629 0.953 14303.7 0.224 

EO 38 627 0.945 14262.44 0.319 

EO 38 625 0.936 14221.17 0.415 

(𝐷𝑓) 0.52058641 

10 EO 40 619 0.910 14393.16 0.015 

EO 40 617 0.902 14350.97 0.114 

EO 40 616 0.897 14329.87 0.163 

EO 40 614 0.889 14287.67 0.261 

EO 40 613 0.885 14266.56 0.310 

EO 40 612 0.880 14224.34 0.408 

(𝐷𝑓) 0.4896 

11 EO 45 584 0.760 14395.34 0.010 

EO 45 582 0.752 14350.64 0.114 

EO 45 581 0.747 14328.29 0.166 

EO 45 579 0.739 14283.56 0.270 

EO 45 578 0.734 14261.2 0.322 

EO 45 575 0.722 14216.46 0.426 

(𝐷𝑓) 0.4270 

12 EO 50 551 0.619 14398.07 0.004 

EO 50 549 0.610 14350.7 0.114 

EO 50 548 0.606 14327.01 0.169 

EO 50 546 0.597 14279.62 0.279 

EO 50 544 0.588 14232.21 0.390 

EO 50 543 0.584 14208.5 0.445 

(𝐷𝑓) 0.3589 

 

13 EO 55 516 0.468 14380.79 0.044 

EO 55 515 0.464 14355.42 0.103 

EO 55 513 0.455 14304.66 0.221 

EO 55 512 0.451 14279.27 0.280 

EO 55 510 0.443 14228.48 0.398 

EO 55 509 0.438 14203.08 0.457 

(𝐷𝑓) 0.3419 

 

14 EO 60 490 0.357 14383.43 0.038 

EO 60 489 0.352 14356.85 0.100 
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EO 60 487 0.344 14303.66 0.224 

EO 60 486 0.340 14277.06 0.285 

EO 60 484 0.331 14223.85 0.409 

EO 60 483 0.327 14197.24 0.471 

(𝐷𝑓) 0.2818 

15 EO 65 463 0.241 14395.32 0.010 

EO 65 461 0.232 14339.01 0.141 

EO 65 460 0.228 14310.85 0.207 

EO 65 458 0.219 14254.51 0.338 

EO 65 457 0.215 14226.33 0.403 

EO 65 455 0.207 14169.96 0.534 

(𝐷𝑓) 0.2043 

 

16 EO 70 437 0.129 14386.57 0.031 

EO 70 435 0.121 14326.97 0.169 

EO 70 434 0.116 14297.15 0.239 

EO 70 432 0.108 14237.51 0.377 

EO 70 431 0.104 14207.68 0.447 

EO 70 429 0.095 14132.47 0.622 

(𝐷𝑓) 0.1418 

 

17 IEO 38 616 0.897 14394.1 0.013 

IEO 38 613 0.885 14331.8 0.158 

IEO 38 610 0.872 14269.6 0.303 

IEO 38 607 0.859 14207.4 0.447 

IEO 38 604 0.846 14145.2 0.592 

IEO 38 601 0.833 14082.8 0.737 

(𝐷𝑓) 0.5527 

18 IEO 40 602 0.837 14399.6 0.001 

IEO 40 599 0.825 14336 0.148 

IEO 40 596 0.812 14272.4 0.296 

IEO 40 593 0.799 14208.7 0.444 

IEO 40 590 0.786 14145 0.593 

IEO 40 587 0.773 14081.3 0.741 

(𝐷𝑓) 0.4533 

 

19 IEO 45 567 0.687 14397.92 0.004 

IEO 45 564 0.674 14330.48 0.161 

IEO 45 561 0.661 14263.01 0.318 

IEO 45 558 0.649 14195.5 0.475 

IEO 45 555 0.636 14127.97 0.632 

IEO 45 552 0.623 14060.4 0.789 

(𝐷𝑓) 0.4399 

20 IEO 50 534 0.546 14396.2 0.008 

IEO 50 531 0.533 14324.7 0.175 

IEO 50 528 0.520 14253.17 0.341 

IEO 50 525 0.507 14181.6 0.507 

IEO 50 522 0.494 14110 0.674 

IEO 50 519 0.481 14038.35 0.841 

(𝐷𝑓) 0.3939 

IEO 55 500 0.400 14391.23 0.020 
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21 IEO 55 497 0.387 14314.61 0.198 

IEO 55 494 0.374 14237.94 0.376 

IEO 55 491 0.361 14161.22 0.555 

IEO 55 489 0.352 14110.06 0.674 

IEO 55 486 0.340 14033.27 0.852 

 0.3371 

 

22 IEO 60 474 0.288 14397.54 0.005 

IEO 60 471 0.275 14317.23 0.192 

IEO 60 468 0.262 14236.86 0.379 

IEO 60 465 0.249 14156.44 0.566 

IEO 60 462 0.237 14075.98 0.753 

IEO 60 459 0.224 13995.47 0.940 

(𝐷𝑓) 0.2488 

23 IEO 65 446 0.168 14376.45 0.054 

IEO 65 444 0.159 14319.72 0.186 

IEO 65 441 0.146 14234.57 0.384 

IEO 65 438 0.134 14149.37 0.582 

IEO 65 435 0.121 14064.11 0.781 

IEO 65 432 0.108 13978.8 0.979 

(𝐷𝑓) 0.1881 

 

24 IEO 70 421 0.061 14390.69 0.021 

IEO 70 418 0.048 14300.56 0.231 

IEO 70 415 0.035 14210.37 0.441 

IEO 70 412 0.022 14120.12 0.650 

IEO 70 410 0.013 14059.92 0.790 

IEO 70 407 0.001 13969.56 1.001 

(𝐷𝑓)                     0.047033429    
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Appendix L: Regression of composite desirability against worker age 
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