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ABSTRACT 
 

The research described in this thesis is concerned with human performance modelling 
as an aid in the process of manufacturing systems design and re-design. Most 
manufacturing systems are highly complex constructs and their behaviour is of a 
dynamic and stochastic nature. They have to be constantly designed and re-designed 
as organisations are continually being pressured to change their manufacturing 
facilities, technologies, methods, people and products.  

All design methods have some form of evaluation where discrete event simulation 
models are usually used to undertake a comparative analysis of different system 
designs. Within these discrete event simulation models it is common practice to 
represent workers as simple resources, often using deterministic performance values. 
Conversely, the work measurement literature indicates that worker task performance 
varies between different workers carrying out the same task and moreover for the 
same worker when repeating a task. The current approach of representing workers 
within discrete event simulation models ignores the potentially large effect that human 
performance variation can have on system performance. This omission affects in 
particular simulation models of labour intensive manufacturing systems like manual 
assembly flow lines. It appears that this adds to the inaccuracy of the simulation 
model output and that consequently the simulation model does not reflect the 
behaviour of a real system in an appropriate way. 

A research programme has been designed to investigate these issues. First, a long term 
data collection exercise has been conducted to quantify the performance variation of 
workers in a typical automotive manual assembly flow line. The data have then been 
used in form of frequency distributions to represent worker performance variation at 
individual workstations within manual assembly line simulation models. Through 
designed simulation experiments the impact that this form of worker performance 
variation representation has on the accuracy of manual assembly line model behaviour 
has been investigated. 

Overall this research has found that adding worker performance variation models into 
manual assembly flow line models has an impact on the accuracy of these simulation 
models. The magnitude of the impact depends very much on the type of variation to 
be represented as well as on the system to be modelled. This evidence is an important 
result to support justification for further research in this area. For a more sophisticated 
approach of modelling worker performance Computational Organisation Theory using 
the multi-agent paradigm has been identified as the most suitable way forward. 

i 



PUBLICATIONS 
 

Refereed Journal Papers 

Baines, T.S., Mason, S.A., Siebers P.O. and Ladbrook, J. (2003) "Humans: The 
Missing Link in Manufacturing Simulation?". Simulation Modelling Practice and 
Theory, (in press). 

 

Refereed Conference Papers 

Siebers, P.O., Baines, T.S., Mason, S.A., and Ladbrook, J. (2004) "Modelling Human 
Variation in Assembly Line Models". Proceedings of the 2004 Operational Research 
Society Simulation Workshop (SW04). 1-2 May 2004, Birmingham, UK. 

Mason, S.A., Baines, T.S., Siebers, P.O., and Ladbrook, J. (2004) "The Impact of 
Modelling Human Performance Variation Modelling in a Typical Manufacturing 
System". Proceedings of the 2004 Operational Research Society Simulation 
Workshop (SW04). 1-2 May 2004, Birmingham, UK. 

 

Conference Presentations 

Siebers, P.O. (2004) "Modelling Human Variation in Manual Assembly Line 
Models". Student Session of the Sixth European Agent Systems Summer School 
(EASSS2004). 5-9 July 2004, Liverpool, UK. 

Siebers, P.O., Baines, T.S., Mason, S.A., and Ladbrook, J. (2003) "Worker Behaviour 
Modelling - Does It Matter?". Operational Research Society, Annual Conference 
(OR45). 2-3 September 2003, Keele, UK. 

Mason, S.A., Baines, T.S., Siebers, P.O., and Ladbrook, J. (2003) "Measurement and 
Analysis of Blocked and Starved Conditions in a Flow Line Assembly Plant". 
Operational Research Society, Annual Conference (OR45). 2-3 September 2003, 
Keele, UK. 

Mason S.A. and Siebers P.O. (2002) "Humans: The Missing Link in Simulation?". 
Operational Research Society, Simulation Study Group Two-Day Workshop. 20-21 
March 2002, Birmingham, UK. 

Siebers, P.O. and Baines, T.S. (2001) "Integrated Human Performance Modelling: An 
Overview of Human Performance Modelling and Its Usability in Manufacturing 
System Design". Operational Research Society, Annual Conference (OR43). 4-6 
September 2001, Bath, UK. 

ii 



FOREWORD 
 

The research presented in this thesis was carried out over a four year period from 
October 2000 to October 2004. It is part of a larger project conducted by a team of 
researchers, the Human Performance Modelling Group. The group consisted of four 
research students: Sarah Fletcher, Paul Mason, Steve Mason and the author who 
changed his status after the first year of research to a research assistant. The team was 
assisted by the research officer Dr Linda Hadfield, the academic supervisors Dr Tim 
Baines, Dr Rachel Asch and the industrial supervisor Mr John Ladbrook. Besides, 
support was provided by Prof John Kay and Dr Val Vitanov. 

The researchers collaborated on areas of the research project especially in the research 
programme development and the field experiment conducted in order to obtain the 
human performance variation data. Where possible the content of the thesis that is 
attributable to the research group as a whole is indicated in the text. The overall thesis 
has inevitably been influenced by the thoughts, discussions and support of all the 
other group members. Their contribution is gratefully acknowledged. 

Furthermore, I would like to thank everyone who has helped and motivated me during 
the last four years. There are too many people to mention by name. However, I would 
like to express my special thanks to Dr Linda Hadfield and Dr Sarah Fletcher who 
both volunteered for proof-reading the thesis draft and had many helpful suggestions, 
and to Dr Val Vitanov for a constant coffee supply and many (sometimes even 
fruitful) late night discussions. Finally, I would like to say a big thank you to my 
family who always believed in me. 

iii 



TABLE OF CONTENTS 
 

....................................................................................1 CHAPTER 1 INTRODUCTION

1.1 Overview of Research Background .................................................................1 
1.2 Overview of Research Aim and Programme ...................................................3 
1.3 Key Research Findings and Contribution to Knowledge ................................4 

1.3.1 Key Research Findings from the Field Experiment..................................4  
1.3.2 Key Research Findings from the Simulation Experiments .......................5  
1.3.3 Summary of Contribution to Knowledge ..................................................5  

1.4 Thesis Layout...................................................................................................6 

..........................................................................8 CHAPTER 2 LITERATURE REVIEW

2.1 Manufacturing System: Definition and Classification.....................................8 
2.2 Design of Manufacturing Systems.................................................................11 
2.3 Concepts of Modelling and Simulation .........................................................13 
2.4 Purpose and Benefits of a Simulation Study .................................................18 
2.5 Stages of a Simulation Study.........................................................................20 
2.6 Current Limitations of Manufacturing System Simulation ...........................23 

2.6.1 Predicted System Output vs. Real System Output...................................23  
2.6.2 Human Variation in Context of Manufacturing Task Execution ............24  
2.6.3 Consideration of Human Variation in Manufacturing System 

Simulation
 

...............................................................................................26 
2.7 Opportunities to Overcome the Current Limitations .....................................28 

2.7.1 System Engineering and Human Performance Modelling .....................28  
2.7.2 Social Science and Human Behaviour Modelling ..................................31  

2.8 Chapter Summary ..........................................................................................34 

..............36 CHAPTER 3 DEVELOPMENT OF RESEARCH AIM AND PROGRAMME

3.1 Research Problem ..........................................................................................36 
3.2 Research Aim, Objectives and Deliverables..................................................37 
3.3 Development of Research Programme ..........................................................38 

3.3.1 Principles of Research Design................................................................38  
3.3.2 Formation of the Research Programme .................................................41  

3.4 Chapter Summary ..........................................................................................45 

CHAPTER 4 DEVELOPMENT OF A HUMAN PERFORMANCE VARIATION 
MODELLING CAPABILITY ................................................................................46 

4.1 Human Performance Variation Model Formulation......................................46 
4.1.1 Human Performance Variation Model Formulation Process ................48  
4.1.2 Measures of Human Performance ..........................................................49  
4.1.3 Format of Human Performance Variation Representation ....................52  
4.1.4 Data Requirements for Human Performance Variation Models............54  

4.2 Human Performance Variation Data Collection............................................54 
4.2.1 Preparation of Human Performance Variation Data Collection ...........55  
4.2.2 Execution of the Human Performance Variation Data Collection.........59  
4.2.3 Processing of the Human Performance Variation Data.........................60  

 
 

iv 



4.3 Human Performance Variation Model Construction and Validation ............63 
4.3.1 Construction of Human Performance Variation Models........................64  
4.3.2 Discussion of Human Performance Variation Models...........................67  

4.4 Chapter Summary ..........................................................................................68 

CHAPTER 5 DEVELOPMENT OF A TEST BED FOR HUMAN PERFORMANCE 
VARIATION MODELS ........................................................................................70 

5.1 Test Bed Formulation ....................................................................................70 
5.1.1 Choice of Simulation Base Models and Simulation Software ................71  
5.1.2 Preliminary Experimental Design ..........................................................73  
5.1.3 Conceptual Model Design ......................................................................75  

5.2 System Data Collection .................................................................................76 
5.2.1 Planning of the System Data Collection.................................................77  
5.2.2 Execution of the System Data Collection................................................78  
5.2.3 Processing of the System Data ...............................................................79  

5.3 Test Bed Construction and Validation...........................................................81 
5.3.1 Construction of Test Bed ........................................................................82  
5.3.2 Validation of Test Bed ............................................................................84  

5.4 Chapter Summary ..........................................................................................85 

......86 CHAPTER 6 STRATEGIC AND PRACTICAL PLANNING OF EXPERIMENTS

6.1 Strategic Planning of Experiments ................................................................86 
6.1.1 Pseudo-Random Numbers ......................................................................88  
6.1.2 Selecting the Warm-Up Period...............................................................89  
6.1.3 Selecting the Run Length ........................................................................92  

6.2 Practical Planning of Experiments.................................................................99 
6.3 Chapter Summary ........................................................................................101 

.............102 CHAPTER 7 EXPERIMENT EXECUTION AND INDIVIDUAL ANALYSIS

7.1 Experiment 1: Assessment of System Representation.................................102 
7.2 Experiment 2: Assessment of Human Variation Consideration ..................107 

7.2.1 Experiment 2A: Assessment of Task Allocation Needs.........................107  
7.2.2 Experiment 2B: Assessment of Human Variation Representations......114  

7.3 Chapter Summary ........................................................................................117 

..................119 CHAPTER 8 COLLECTIVE ANALYSIS OF EXPERIMENT RESULTS

8.1 Contrasting Production per Shift .................................................................119 
8.2 Contrasting Busy Times for Manual and Automated Operations................125 
8.3 Chapter Summary ........................................................................................127 

...............................................128 CHAPTER 9 CONCLUSION AND FUTURE WORK

9.1 Summary of Research Results .....................................................................129 
9.1.1 Conclusions...........................................................................................129  
9.1.2 Summary of Key Findings.....................................................................130  
9.1.3 Deliverables..........................................................................................132  

9.2 Limitations and Concerns of the Research ..................................................133 
9.3 Future Research ...........................................................................................135 
9.4 Final Conclusions ........................................................................................138 

 

v 



REFERENCES.........................................................................................................139 
 
APPENDIX 1: Human Performance Variation Modelling User Guide ................156 
 

vi 



TABLE OF FIGURES 
 

1.1: Steps in manufacturing system design (after Baines and Kay, 2002) ....................2 
1.2: Thesis structure .......................................................................................................7 
2.1: Literature review questions and structure ...............................................................9 
2.2: Inputs and outputs of a manufacturing system (Scallan, 2003) ............................10 
2.3: Process types in manufacturing operations (Slack et al., 2001) ...........................10 
2.4: Simplified design methodology (Love, 2003) ......................................................12 
2.5: Cumulative system costs with and without simulation (Harrell et al., 2000).......19 
2.6: Simulation study cost-benefit diagram (Kosturiak and Gregor, 1998).................20 
2.7: General steps in a simulation study (after Banks et al., 1996)..............................21 
2.8: Life Cycle of a simulation study (Balci, 1994).....................................................22 
2.9: Gap between real system output and simulation model output ............................23 
2.10: Histogram of cycle times in a repetitive task (Murrell, 1962)............................25 
3.1: Research Framework ............................................................................................42 
4.1: Activities carried out in Chapter 4........................................................................47 
4.2: Human performance variation model formulation process ..................................48 
4.3: Generalised performance measure structure.........................................................50 
4.4: Activity time recording process............................................................................58 
4.5: Activity time data log file sample.........................................................................58 
4.6: Activity time variations for a manual workstation during an eight hour shift......60 
4.7: Data processing flowchart (Hadfield, 2003).........................................................61 
4.8: Activity time frequency histograms for three sample operations .........................65 
4.9: Break and shift handover start/duration variation histograms ..............................66 
5.1: Activities carried out in Chapter 5........................................................................71 
5.2: Distribution of breakdown duration within a three month period for a     

sample operation ...................................................................................................81 
5.3: Distribution of time-between-failure within a three month period for a    

sample operation ...................................................................................................81 
5.4: Naming conventions for the expert simulation models and their adaptations ......84 
6.1: Activities carried out in Chapter 6........................................................................87 
6.2: MS1 model; moving average (window size = 5)..................................................91 
6.3: MS1 model; moving average (window size = 20)................................................91 
6.4: MS2 model; moving average (window size = 20)................................................92 
6.5: MS1 model; run length determination (warm-up period truncated).....................94 
6.6: MS1 model; production per shift histograms (considering 150 shifts) ................94 
6.7: MS2 model; run length determination (warm-up period truncated).....................95 
6.8: MS2 model; production per shift histograms (considering 145 shifts) ................95 
6.9: MS1 model; deciding the number of replications.................................................98 
6.10: MS2 model; deciding the number of replications...............................................98 
7.1: Activities carried out in Chapter 7......................................................................103 
7.2: Average production per shift for MS1, MS2 and models...................................104 
7.3: SPSS output; production per shift box plots for MS1, MS2 and models ...........105 
7.4: Analysis strategy.................................................................................................109 
7.5: SPSS output; production average per shift box plots for models .......................111 
7.6: SPSS output; production average per shift histograms for models ....................113 
7.7: Average production per shift for models ............................................................114 
7.8: SPSS output; production average per shift box plots for models .......................115 
8.1: Activities carried out in Chapter 8......................................................................120 

vii 



8.2: Average production per shift for MS1, MS2 and models...................................121 
8.3: Production per shift histograms for MS1 and models ........................................123 
8.4: Production per shift histograms for MS2 and models ........................................124 
8.5: Busy times for all operations of MS1 models.....................................................126 
8.6: Busy times for all operations of MS2 models.....................................................126 
9.1: Concept of an integrated human performance modelling approach ...................137 
 

viii 



TABLE OF TABLES 
 

2.1: Overview of model definitions .............................................................................14 
2.2: Classification of model types and techniques (adapted from Baines, 1994) ........15 
2.3: Overview of simulation definitions ......................................................................16 
2.4: Comparison: Stages in a typical simulation study (Oyarbide-Zubillaga, 2003)...21 
2.5: System engineering modelling of human performance ........................................29 
2.6: Social science modelling of human behaviour .....................................................32 
4.1: Indicators of human performance within a manufacturing context ......................49 
4.2: Shortlist of direct and indirect performance measures .........................................50 
4.3: Average break and shift handover start/duration variations .................................67 
5.1: Main differences between the two manufacturing systems under study ..............72 
5.2: Typical measures of performance obtained from a simulation study...................74 
5.3: Chosen performance measures .............................................................................74 
5.4: Experimental factors for simulation experiments.................................................74 
5.5: Sample section of work standard document .........................................................76 
5.6: Conceptual models for both experiments .............................................................76 
5.7: System data sources and their content ..................................................................77 
5.8: Linking data requirements to data sources ...........................................................78 
6.1: Experimental setup for warm-up period determination........................................90 
6.2: Experimental set-up for run length determination................................................93 
6.3: Experimental set-up for number of replications determination ............................97 
6.4: Summary of experimental conditions ...................................................................99 
6.5: Summary of experiment set-ups for Experiment 1...............................................99 
6.6: Summary of experiment set-ups for part 1 of Experiment 2 ..............................100 
6.7: Summary of experiment set-up for part 2 of Experiment 2................................100 
7.1: Experimental set-up for Experiment 1................................................................104 
7.2: SPSS output; descriptive statistics for MS1, MS2 and models ..........................106 
7.3: Differences between simulation models results relative to real system output ..106 
7.4: Experimental set-up for Experiment 2A.............................................................108 
7.5: SPSS output; descriptive statistics for models....................................................111 
7.6: SPSS output; test of homogeneity of variance for models .................................111 
7.7: SPSS output; test of normality for models..........................................................112 
7.8: SPSS output; Kruskal-Wallis test statistics for models ......................................113 
7.9: Experimental set-up for Experiment 2B .............................................................114 
7.10: SPSS output; descriptive statistics for models..................................................116 
7.11: Design matrix for the 22 factorial design (including results)............................116 
7.12: Calculated effects (based on Table 7.11)..........................................................117 
 

ix 



TABLE OF EQUATIONS 
 

5.1: Calculation of time between failures for machines ..............................................80 
6.1: Moving average (Robinson, 2004) .......................................................................89 
6.2: Confidence interval (Robinson, 2004)..................................................................96 
 

x 



COMMONLY USED ABBREVIATIONS 
 

CS  Complex System 

CAS  Complex Adaptive System 

DES  Discrete Event Simulation 

HPM  Human Performance Modelling 

HPV  Human Performance Variation 

MS  Manufacturing System 

SD  System Dynamics 

 

SimNrm Simulation model as used during manufacturing system design 

SimBD Simulation model considering machine breakdowns (empirically) 

SimHV Simulation model considering HPV 

SimBT  Simulation model considering break taking behaviour 

SimHV&BT Simulation model considering HPV and break taking behaviour 

 

xi 



CHAPTER 1 
INTRODUCTION 

 

The research described in this thesis is concerned with design and redesign of human 

oriented manufacturing systems. It investigates the importance of improving worker 

representation within simulation models, used as a decision aid during the evaluation 

stage of the system design process. 

Section 1.1 provides an overview of the research background and points out the 

relevance of the research to industry. Section 1.2 provides an overview of the research 

aim, objectives and method. Section 1.3 presents the key findings of the research and 

clearly states the contribution to knowledge. Finally, Section 1.4 outlines the thesis 

structure. 

 

1.1 Overview of Research Background 

The DTI (2002) reports that, despite a decline in the 1980s, manufacturing in the UK 

produces a fifth of the national income (Gross Domestic Profit) and directly employs 

almost four million people and millions more in dependent businesses. Furthermore, 

the report states that manufacturing accounts for 60% of the UK exports and 80% of 

commercial research and development, which makes it a driver of innovation and 

technology uptake. Modern demand-led approaches, such as just-in-time and lean 

manufacturing impose a requirement on manufacturing systems to be flexible and able 

to respond rapidly to changes in demand for end products. This presents a challenge 

for the designers of manufacturing systems who are expected to respond rapidly to 

changes in requirement, and produce the optimum design for a manufacturing system 

in the shortest possible time. 

Discrete Event Simulation (DES) is generally recognised as a valuable aid to the 

strategic and tactical decision making that is required in the evaluation stage of the 

manufacturing system design process. It is a ‘what-if?’ analysis tool that enables the 

practitioners to make informed judgements about a proposed system. DES models are 

abstract representations of reality that help to improve understanding and predictions 
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about the performance of manufacturing systems. Figure 1.1 depicts the way in which 

DES integrates into the manufacturing system design process. 

 

Figure 1.1: Steps in manufacturing system design (after Baines and Kay, 2002) 

The simulation expert building the system model has a high degree of responsibility to 

assure the accuracy of the results. Inaccuracy of these results can prove very costly, as 

it may lead to poor system performance and failure to meet the production demand. 

As elements of a manufacturing system become less deterministic in their behaviour, 

they are more difficult to model accurately (Baines and Kay, 2002). This is especially 

a weakness when considering the human element in manufacturing system design. 

Workers do not lend themselves to deterministic representations, as their performance 

is inherently variable (Checkland, 1981). 

The design and redesign of manual assembly lines is a domain specifically affected by 

this phenomenon. On a first view common assembly lines look quite simple as tasks 

are done in sequential order but in reality they are quite complex due to variation in 

processing times and breakdowns of various types. These breakdowns can be caused 

by the failure of machinery or conveyors, but in manual assembly lines they might 

also be caused by operations that take an unusually long time or the temporary 

unavailability of workers (Askin and Standridge, 1993). 

It has been known for some time that Human Performance Variation (HPV) is present 

in manual tasks (see Dudley, 1968). However, despite this, in typical DES tools any 

type of labour is commonly represented as a deterministic resource that is required for 

activities such as machining or assembly to take place (Bernhard and Schilling, 1997). 

The time it takes to conduct the task is expressed as a constant value, usually a mean 

value derived from time studies. Representing a source of system randomness by a 
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mean value of its probability distribution can lead to inaccurate or even completely 

erroneous simulation results (Law and McComas, 2002). 

The work described in this thesis, therefore, addresses the issue of modelling direct 

workers (people, dedicated to predominately manual routines) in human oriented DES 

models. The basic premise of the work is that the reliability of DES models can be 

improved by modelling direct workers in a more sophisticated way, and that more 

reliable DES models have a positive impact on the decisions made during the 

manufacturing system design process. 

Research in this field is very challenging as the nature of the problem is 

multidisciplinary and modelling of human behaviour at almost any level of abstraction 

is extremely complex. Therefore, the scope of the project and moreover the research 

programme has to be chosen very carefully in order to obtain results within the 

timeframe of the PhD project. 

 

1.2 Overview of Research Aim and Programme 

The first step undertaken in this research project was to define the research problem 

through a literature review (Chapter 2) in order to derive a research aim. The research 

aim (Section 3.2) which is derived from the research problem (Section 3.1) is: 

‘To investigate the importance of incorporating human performance variation models 

into manufacturing system simulation models and thereby enhance the capabilities for 

simulation experts to represent the behaviour and predict the performance of labour 

intensive manufacturing systems.’ 

To achieve this aim the following two objectives were identified (Section 3.2): 

1. Investigate the absolute error that ignoring human performance variation within 

manufacturing system simulation models can cause. 

2. Identify the effect that different representations of human performance variation 

have on the output of manufacturing system simulation models. 
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These two objectives form the basis for the research programme (Section 3.3). The 

approach underlying the research programme is firstly to investigate the level of 

randomness inherent in HPV for different tasks. This is done by conducting a field 

experiment. The knowledge gained is then used to design representative models of 

HPV, which are implemented into DES models of existing manufacturing systems. 

Subsequently, a sensitivity analysis is conducted in order to identify the impact that 

the consideration of HPV has on the accuracy of these DES models. Finally, the 

research is exploited by producing a set of recommendations regarding the use of 

HPV modelling and a suite of ‘plug and play’ HPV sample models for the host 

company. Furthermore, the results are disseminated to the research community 

through reports, presentations, conferences and journal papers.  

 

1.3 Key Research Findings and Contribution to Knowledge 

The field experiment as well as the simulation has produced a wide range of findings 

regarding HPV and its impact on the accuracy of DES models. This section brings 

together the key findings of the work which are discussed in detail in Chapter 9 and 

summarises the contribution to knowledge. 

Section 1.3.1 describes the key findings from the field experiment conducted in order 

to develop models of HPV. Subsequently, Section 1.3.2 describes the key findings 

derived from the simulation experiments conducted in order to test the sensitivity of 

simulation models towards these HPV representations. Finally, Section 1.3.3 

summarises the contribution to knowledge that this research has made.  

 

1.3.1 Key Research Findings from the Field Experiment 

Observations from the field experiment suggest that the time taken to complete 

manual assembly line tasks varies significantly between different workers on the same 

task and for different repetitions of the same task by the same worker. Furthermore, 

the form of the frequency distribution for the completion times of a task varies 

between different tasks. It was also found that the mean of the observed completion 

time for a task was significantly faster for most tasks than the time expected from 
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work study. Finally, it was found that the time taken by workers for planned breaks 

was significantly longer than the planned time, and that this was consistent for breaks 

of different planned duration. 

 

1.3.2 Key Research Findings from the Simulation Experiments 

The results of the simulation experiments suggest that the impact of task completion 

time variation is system dependent while the impact of break taking behaviour is 

always present. A general value for the magnitude of the impact of HPV on the output 

of manufacturing system simulation models could not be established. It has also been 

found that representing HPV by means of frequency distributions does not increase 

system output variation; adding input noise by representing HPV does not increase 

output noise of the simulation. Incidentally, the results also indicate that the mean 

throughput value of a simulation run is not a good predictor of system behaviour. 

 

1.3.3 Summary of Contribution to Knowledge 

Advances have been made in understanding the impact of HPV on the accuracy of 

DES models. It has been demonstrated that the representation of HPV can have a 

significant effect on the behaviour of manufacturing system simulation models 

representing systems with a high proportion of manual tasks. This has been achieved 

by using empirical frequency distributions to model variations in task completion 

times and break taking behaviour of direct workers. It has been shown that the 

magnitude of the impact when using such models depends on the type of variation 

that is represented as well as on the particular design of the manufacturing system to 

be represented. Therefore, on the basis of the research findings system designers that 

are employing simulation as a decision support tool should now be aware of the 

consequences that ignoring variations in human performance can have on the validity 

of their system analysis. 
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1.4 Thesis Layout 

The thesis is divided into five parts: introduction, review of literature, development of 

research programme, execution of research programme and conclusions (Figure 1.2). 

These parts comprise a total of nine chapters. The following paragraphs describe the 

content of the remaining eight chapters of the thesis. 

Chapter 2 derives the need for conducting this research from the literature. It provides 

an introduction to the concept of a manufacturing system associated design process, 

and simulation modelling. It then explores the constraints that currently exist when 

planning such manufacturing systems using standard simulation packages. Thereafter, 

opportunities are investigated to overcome these constraints.  

Chapter 3 establishes the research aim from the results of the literature review. Some 

research objectives are derived from this aim and deliverables are defined. A research 

programme is then proposed to attain the research objectives. 

Chapter 4 describes the development of a HPV modelling capability. In a first step 

data requirements for enabling HPV modelling are investigated. This is followed by a 

field experiment to measure HPV in a real manufacturing system. The data are 

processed and used to create models that allow the representation of certain aspects of 

HPV within DES models. 

Chapter 5 presents the development of a test bed for HPV models. Two DES models 

of real manufacturing systems form the core of the test bed. They have been enhanced 

in order to allow the consideration of HPV. The development process described in this 

chapter consists of the following steps: design of a conceptual model, system data 

collection, simulation model enhancement and validation. 

Chapter 6 describes the strategic and practical planning of the simulation experiments. 

For the validity of the results obtained by a simulation experiment it is important to 

establish suitable experimental conditions prior to the execution of the study. These 

include: warm-up period, test run length, number of replications and a treatment plan. 

Chapter 7 reports on the simulation experiments that have been conducted in order to 

fulfil the first two objectives: assessment of system representation and assessment of 
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different forms of HPV considerations. The results of these experiments are analysed 

on an individual basis. 

Chapter 8 includes a second collective analysis which contrasts the results of all 

conducted simulation experiments. Here the purpose is to compare the global and 

local impact that the stochastic representation of different forms of HPV has on the 

behaviour of the manufacturing system simulation models. 

Chapter 9 concludes the thesis. It presents the key findings and conclusions from each 

of the research stages and highlights the contribution to knowledge made by the 

research. Finally, the limitations and concerns are discussed and recommendations are 

made for future work in the research field. 

 

Figure 1.2: Thesis structure 
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CHAPTER 2 
 LITERATURE REVIEW 

 

The motivation of this research is to investigate if manufacturing system designers 

could benefit from a more accurate representation of human performance variation 

within manufacturing system simulation models. The research is conducted with 

particular attention to automotive manual assembly flow lines. 

This chapter starts by introducing the concept of a manufacturing system associated 

design process (Section 2.1 and 2.2), and simulation modelling (Section 2.3, 2.4 and 

2.5). It then explores the constraints that currently exist when planning such 

manufacturing systems using the standard simulation packages (Section 2.6) and 

investigates opportunities to overcome these constraints (Section 2.7). Finally, Section 

2.8 provides a summary of the chapter. The questions that are addressed and the 

structure of the literature review are shown in Figure 2.1. 

 

2.1 Manufacturing System: Definition and Classification 

Manufacturing is defined in the Collins English Dictionary (2000) as “to process or 

make a product from raw material, especially as a large-scale operation using 

machinery; once processed, it should have worth in the market or value”. Therefore, 

manufacturing is ‘adding value’ to the material. It is supposed to be cost-effective and 

to generate income through sales for the manufacturing organisation (Scallan, 2003). 

Coyle (1996) describes a system in general terms as a collection of parts organised for 

some purpose, while Law and Kelton (1991) refer to a system as “a collection of 

entities that act and interact together towards the accomplishment of some logical 

end”. Checkland (1981) identifies four main classes of systems: natural systems, 

designed physical systems, designed abstract systems and human activity systems.   

Wild (2002) defines an operating system as “a configuration of resources combined 

for the provision of goods and services”. In a similar way to Checkland’s system 

classification, Robinson (2004) identifies operating systems as a mixture of designed 

physical and human activity systems. Slack et al. (2001) classify manufacturing 
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systems as operating systems concerned with the production of goods. Parnaby (1979) 

defines a manufacturing system in general terms as being “one in which raw materials 

are processed from one form into another, known as product, gaining a higher or 

added value in the process”. A more detailed definition which describes the elements 

and purpose of a manufacturing system is given by Lucas (1991). This definition is 

frequently cited in the relevant literature and is adopted in this thesis. 

“A manufacturing system is an integrated combination of processes, machine systems, 

people, organisational structures, information flows, control systems and computers 

whose purpose is to achieve economic product manufacture and internationally 

competitive performance.” 

 

Figure 2.1: Literature review questions and structure 
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A representation of a manufacturing system in an overall sense, can be given by using 

an input-output analysis form (Parnaby, 1979). Scallan (2003) extends this format of 

representation by adding a class of external factors into the diagram (see Figure 2.2). 

 

Figure 2.2: Inputs and outputs of a manufacturing system (Scallan, 2003) 

Authors such as Wild (1984), Slack et al. (2001), Krajewski and Ritzman (2002) or 

Scallan (2003) divide manufacturing systems into five different process types. Each 

process type implies a different way of organising operation activities with different 

volume and variety characteristics. This is illustrated in Figure 2.3. Slack et al. (2001) 

point out that despite the fact that an automobile plant might produce a wide variety of 

variants of car (different engine size, colour, extra equipment etc.) the “activities in an 

automobile plant are essentially mass operations as the different variants of its 

product do not affect the basic process of production”. 

 

Figure 2.3: Process types in manufacturing operations (Slack et al., 2001) 

Manufacturing systems can also be categorised by their plant layout. Scallan (2003) 

distinguishes four different types of plant layout: process layout, product layout, fixed 

position layout and hybrid layouts. Krajwski and Ritzman (1996) found that plant 

layout can improve how an organisation meets its objectives by: facilitating the flow 
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of material and information, increasing the efficient utilisation of labour and 

equipment, reducing hazards to employees, improving employee morale, and 

improving communication. The main objective of plant layout design is to arrange the 

people and equipment to operate effectively and allow the smooth flow of work 

(Scallan, 2003). Lines designed in a process layout are also referred to as serial 

production lines (Hopp and Spearman, 2000). Typical application areas for serial 

production lines are: final car assembly and engine assembly (Baudin, 2002). 

 

2.2 Design of Manufacturing Systems 

Engineers are constantly involved with the design and redesign of manufacturing 

operations (Salvendy, 1982). They follow a manufacturing system design process that 

commences with understanding the business need and concludes with the operation of 

a new manufacturing facility (Baines and Ladbrook, 2003). Parnaby (1979) defines as 

a key principle for manufacturing system design that manufacturing systems must be 

designed by “taking into account both steady state and dynamic performance, whilst 

ensuring there is an adequate number of controllable variables to compensate the 

effects of uncontrollable disturbances”. 

Most manufacturing systems are complex constructs and major design or redesign is a 

demanding task (Baines and Kay, 2002). The engineers and managers who are faced 

with this task can find guidance in recognised principles of good manufacturing 

system design (Suresh and Kay, 1998), they can learn from observations of successful 

organisations (Womack et al., 1990) and they can tailor this knowledge to their own 

organisations using structured analysis and design methods (Mills et al., 1996). 

The aim of the designer is to identify a solution that meets or closely meets the 

performance requirements of the design, while satisfying all constraints (Roy, 1997). 

Love (2003) states that many companies have factories which have evolved over time 

through incremental modifications rather than from any form of conscious holistic 

design. He makes an exception for mass production systems which “have always been 

‘designed’, usually triggered by introduction of a new product”. The competitive 

pressure of the 1980s led to wider acceptance of the idea that all manufacturing 

11 



systems, even traditional batch or jobbing factories, must be designed, rather than 

allow a haphazard evolution (Parnaby, 1979). 

Such manufacturing systems design projects usually take a long time. As an example 

the Ford Manufacturing & Plant Engineering Process Verification Manual (M & PE 

PVM, 1999) reserves more than three years for the design of a new engine 

manufacturing line from business analysis until production of the first unit. Since the 

scope of such a project is likely to be very large, some kind of formal procedure is 

needed to guide and control the design process. Such a procedure is known as a 

design methodology (Love, 2003). 

An early methodology which had a significant influence on the field has been 

developed at Lucas Industries (Parnaby, 1986). Different design methodologies have 

been discussed in detail by authors such as Compton (1988), Black (1990),  Suh 

(1990), Bennett and Forrester (1993), Tempelmaier and Kuhn (1993), Sule (1994), 

Wu (1994), Heragu (1997), Meyers and Stephens (2000), Wu (2000) and Slack et al. 

(2001). A comprehensive comparison of different design methodologies can be found 

in Mason (2004). 

After reviewing a number of current design methodologies Wu (1994) concluded that 

“there does not seem to be a single approach, however, which offers the designer a 

complete framework for the development of a modern manufacturing system”. This 

statement is supported by Love (2003) who points out that “there are relative few 

comprehensive examples published in sufficient detail to be useful”. He concluded 

that this is due to the fact that many companies have their own procedures, often 

established through custom and practice. Figure 2.4 illustrates an abstraction of the 

established methodologies defined by Love (2003). He warns that “it is important to 

keep in mind that this is much simplified, in particular it suggests a series of distinct 

steps when in practice a great deal of iteration and overlap occurs”. 

 

Figure 2.4: Simplified design methodology (Love, 2003) 
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The different design methods all have some form of evaluation, usually based on a 

combination of analysis, judgement and bargaining between the practitioners involved 

(Mintzberg et al., 1976). It is important for managers and engineers to get a system 

wide view of the effect local changes will have on the system (Reeb and Leavengood, 

2003). As an aid for this task, either analytical models based on petri nets and queuing 

theory or simulation models can be used (Gebus et al., 2004).  

Harrell et al. (2000) state that interdependencies and variability characterise almost all 

human-made systems and make these systems difficult to study, analyse and predict. 

Because of complexity as well as dynamic and stochastic behaviour of these systems, 

simulation appears to be the appropriate technique for modelling and analysing 

advanced manufacturing systems (Banks et al., 1996; Hlupic and Paul, 1999; Reeb 

and Leavengood, 2003; Robinson, 2004). It has been used since the early 1960s by 

manufacturing system designers on the one hand to improve understanding of some 

observed real world phenomena and on the other hand for advice and decision support 

(Doran et al., 1995; De Souza and Zhao, 1997). Discrete Event Simulation (DES) is 

now a standard tool used in the design of manufacturing systems within the 

automotive industry (Jayaraman and Gunal, 1997). Companies that have groups 

specialised in studying multi-million dollar systems using DES include Honda, Ford, 

General Motors, Harley-Davidson and Renault (Baudin, 2002). 

The literature review continues therefore with defining modelling and classifying 

modelling tools and techniques. It introduces DES as an aid used in the process of 

manufacturing system design and looks at the benefits and stages involved in a 

simulation study. 

 

2.3 Concepts of Modelling and Simulation 

There are numerous definitions of what is understood by a model. The definitions of 

some of the frequently cited authors in the literature are given in Table 2.1. Despite 

slightly different interpretations a model seems to be generally understood as stated in 

the following definition which is adopted in this thesis: 

“A model is some form of abstract representation of a real system intended to 

promote understanding of the system it represents.” 
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Author Definition
Fishman, 1973 "… a formal representation of theory or a formal account of empirical observation."

Gordon, 1978 "… the body of information about a system gathered for the purpose of studying the system."

Carrie, 1988
"… a simplified or idealised description of a system, situation, or process, often in 
mathematical terms, devised to facilitate calculations and predictions."

Law & Kelton, 1991

"… physical models ... are not typical of the kinds of models that are usually of interest in 
operations research and system analysis. …. The vast majority of models build for such 
purposes are mathematical, representing a system in terms of logical and quantitative 
relationships that are then manipulated and changed to see how the model reacts, and thus 
how the system would react if the mathematical model is a valid one."

Mujtaba, 1994
"… a conceptual abstraction of an existing or proposed real system that captures the 
characteristics of interest of the system."

Banks et al., 1996
"... a representation of a system that usually takes the form of a set of assumptions 
concerning the operation of the system. These assumptions are expressed in mathematical, 
logical and symbolic relationships between the entities, or objects of interest, of the system."

Shannon, 1998
"… a representation of a group of objects or ideas in some form other than that of the entity 
itself."

Pritsker, 1998
"… a description of a system. … Since a model is a description of a system it is also an 
abstraction of a system."

Pidd, 1999
"… an external and explicit representation of part of reality as seen by the people who wish to 
use that model to understand, to change, to manage, and to control that part of reality in 
some way or another."

Bellinger, 2002 "… a simplification of reality intended to promote understanding."  

Table 2.1: Overview of model definitions 

There is no consensus in the literature on a form of model type taxonomy. The 

classification of model types by Mihram (1972) reflects the views of a wide variety of 

researchers, but Baines (1994) points out that this taxonomy has not been universally 

adopted as for example Shannon (1975), Pidd (1988), Carrie (1988) or Law and 

Kelton (1991) use different classifications. Baines offers a new taxonomy of model 

types based on the work of Mihram (1972) but also considering the views of more 

recent authors. Table 2.2 shows his model type classification together with some 

generic modelling techniques used for each type. 

It has been stated in Section 2.2 that simulation appears to be the appropriate 

technique for modelling and analysing advanced manufacturing systems. As with the 

term model there are numerous definitions of the term simulation. Robinson (1994) 

states that it is difficult to define what simulation is as most people have some concept 

of the idea but this is far from complete and difficult to develop further. 
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Main class Sub class Definition Generic modelling technique
Model construction using an identical mechanism to 

that used in real system under study.
Model construction using any mechanism that 
provides a spatially identical model to the real 

system under study.
Model construction using any mechanism that 

provides a fully functional scale model.
Model construction using any mechanism that 

provides a scaled model that lacks functionality.
Model construction using any mechanism that 

provides a two dimensional scaled model that lacks 
functionality.

Analog
A model which bears no 

direct resemblance to the 
modelled phenomena.

Modelling using an analog computer.

Rich Picture
Integrated Enterprise Modelling

IDEF0

Discrete Event Simulation

System Dynamics

Queuing Theory
Activity Based Costing

Business Planning

Quasi replica

Replication

Physical

Explicit analytical formulae 
describing known 

relationships.
Mathematical

Symbolic Simulation

Schematic

A spatial transform of an 
original physical object in 

which the dimensionality of 
the modelling is retained in 

the replica.

A physical model in which 
one or more of the 

dimensions of the physical 
object are missing or 

modified.

A graphical representation of 
a system using symbols.

A model of the behaviour of 
a system as a whole by 

defining in detail how various 
components interact with 

each other.

 

Table 2.2: Classification of model types and techniques (adapted from Baines, 1994) 

The definitions of some of the frequently cited authors are given in Table 2.3. This 

thesis adopts the definition of Shannon (1975) which describes simulation in terms of 

process and purpose. 

“Simulation is the process of designing a model of a real system and conducting 

experiments with this model for the purpose either of understanding the behaviour of 

the system or of evaluating various strategies for the operation of the system.” 

The difference between simulation models and analytical models is seen by authors 

such as Shannon (1975) and Hollenbeck (2000) in the fact that simulation models are 

‘run’ rather than being ‘solved’. Shannon (1975) notes that simulation models “are 

incapable of generating a solution on their own in the sense of analytical models; they 

can only serve as a tool for the analysis of the behaviour of a system under conditions 

specified by the experimenter”. He points out that a major advantage of a simulation 

model compared to an analytic model is its ability to model random events based on 

standard and non-standard distributions and to predict the complex interactions 

between these events. 
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Author Definition

Fishman, 1973
"… the act of representing a system by a symbolic model that can be manipulated easily 
and that produces numerical results."

Shannon, 1975
"… the process of designing a model of a real system and conducting experiments with 
this model for the purpose either of understanding the behaviour of the system or of 
evaluating various strategies for the operation of the system."

Gordon, 1978
"… a process of solving the equations of the model, step by step, with increasing 
values of time."

Carrie, 1988
"… the technique of imitating the behavior of some situation or system by means of an 
analogous situation, model or apparatus, either to gain information more conveniently 
or to "rain"personnel."

Law & Kelton, 1991
"… numerically exercising the model for the inputs in question to see how they affect 
the output measures of performance."

Askin & Standridge, 
1993

"… is the most common method for constructing models that include random behavior of 
a large number and a wide variety of components and assess the temporal dynamics of 
systems."

Banks et al., 1996

"... the imitation of the operation of a real world process or system over time. …, 
simulation involves the generation of an artificial history of a system, and the 
observation of that artificial history to draw inferences concerning the operating 
characteristics of the real system."

Sterman, 2000
"… is the only practical way to test complex models. The complexity of our mental 
models vastly exceeds our capacity to understand their implications."

Robinson, 2004
"…experimentation with a simplified imitation (on a computer) of an operations system 

as it progresses through time, for the purpose of better understanding and/or 
improving that system."  

Table 2.3: Overview of simulation definitions 

Following the taxonomy given by Baines (1994), in Table 2.2 simulation is a 

symbolic modelling technique that can be further subdivided into DES and System 

Dynamics (SD). In practice this is enhanced by a hybrid technique which combines 

some features of both DES and SD (Pritsker, 1986; Barton, 1992; Seveance, 2001). 

The choice of whether to use a DES, SD or maybe a hybrid technique is a function of 

the characteristics of the system and the objective of the study (Banks et al., 1996). 

It is stated in Section 2.2 that DES is used in the design of manufacturing systems 

within the automotive industry. Therefore, the literature review focuses on this 

technique. A comprehensive review of all techniques can be found in Pritsker (1986). 

DES has existed since the late 1950s (Radzicki, 1997; Hollocks, 2004) and has grown 

in popularity steadily over the past years. The first tool based on DES was the General 

Simulation Program (GSP) written by Tochter in 1958, introducing an alternative 

paradigm to the traditional analytical modelling with random elements (Rubinstein 

and Melamed, 1998). A comprehensive overview of the historical development of 

DES is given in Hollocks (2004). 

Roth (1987) describes DES as concerning “the modelling of a system as it evolves 

over time by a representation in which the state variables change instantaneously at 
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separate points in time”. Law and Kelton (1991) describe these points in time as being 

the ones “in which an event occurs, where an event is defined as an instantaneous 

occurrence that may change the state of the system”. 

Kay (1984) describes a DES model as “basically formed by entities where an entity is 

defined as an item which changes from one discrete state to another as events occur 

with the progression of time”. Ingals (2002) provides the following list of structural 

components for a DES system: entities, activities and events, resources, global 

variables, a random number generator, a calendar, system state variables and statistics 

collectors. He describes the relationship between entities and resources in the 

following way: “An entity can be any object that enters the system, moves through a 

series of processes, and then leaves the system. These entities can have individual 

characteristics, which are called attributes. As the entity flows through the system it 

will be processed by a series of resources. Resources are anything that the entity 

needs in order to be processed e.g. machines, material handling equipment, workers, 

waiting or storage space.” 

A number of mechanisms have been proposed to carry out DES. These mechanisms 

include event based approaches, activity based approaches, process based approaches, 

and three-phase approaches (Pidd, 1998; Robinson, 2004). The three-phase approach 

seems to be the preferred method for many authors (Oyarbide-Zubillaga, 2003) and 

commercial simulation software developers (Robinson, 2004). 

The three phases are described by Banks (1998) in the following way: 

• Phase 1: Time advance 

• Phase 2: Release of resources scheduled to end their activities at this time 

• Phase 3: Start activities given the global picture about resources availability 

Since all state changes only occur at event times, periods of inactivity are skipped 

over by jumping the clock from event time to event time. The successive jumps of the 

simulation clock are generally variable in size (Law and Kelton, 1991). 
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2.4 Purpose and Benefits of a Simulation Study 

Shannon (1998) states that “simulation is one of the most powerful tools available to 

decision-makers responsible for the design and operation of complex processes and 

systems”. Ravindran et al. (1987) describes simulation as “one of the easiest tools of 

management science to be used but probably one of the most difficult to apply 

correctly and perhaps the most difficult from which to draw accurate conclusions”. 

Reeb and Leavengood (2003) state that simulation should be used in situations where 

“experimentation with the real system is infeasible, disruptive or too expensive; other 

mathematical or analytical methods won’t work; you need to examine systems as they 

would operate over a given time frame; you want to compare alternative proposed 

system designs, to see which best specifies the requirements”. Pritsker (1986) defines 

four levels at which simulation models can be employed: as explanatory devices to 

define a system or problem; as analysis vehicles to determine critical elements 

components and issues; as design assessors to synthesise and evaluate proposed 

solutions; and as predictors to forecast and aid in planning future developments 

(Pritsker, 1986). 

Robinson (2004) states that simulation models have many advantages compared to 

other methods but “there are also a number of problems with using simulation and 

these must not be ignored”. A detailed discussion of advantages and disadvantages of 

simulation compared to other methods can be found in Robinson (2004). 

Perhaps the greatest benefit of using simulation in a manufacturing environment as 

mentioned in Law and Kelton (1991) is the following: “Simulation allows a manager 

or engineer to obtain a system wide view of the effect of local changes to the 

manufacturing system. If a change is made at a particular workstation, its impact on 

the performance of this workstation may be predictable. On the other hand it might be 

difficult, if not impossible, to determine ahead of time the impact of this change on the 

performance of the overall system”. Banks et al. (1996) points out that “simulation is 

intuitively appealing to a client as it mimics what happens to a real system or what is 

perceived for a system that is in the design stage”. He continues by stating that 

“additionally, it is possible to develop a simulation model of a system without dubious 

assumption … of mathematically solvable problems”. 
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Robinson (2004) sees ‘overconfidence’ as a major disadvantage and says “there is a 

danger that anything produced on a computer is seen to be right”. He maintains that 

“this is further exacerbated with the use of an animated display, giving an appearance 

of reality”. Shannon (1975) describes the circumstance that simulation is imprecise, 

and that the degree of this imprecision cannot be measured as some of the biggest 

disadvantages. He also states that simulation models are incapable of generating a 

solution on their own in the sense of analytic models; “they can only serve as a tool 

for the analysis of the behaviour of a system under conditions specified by the 

experimenter”. 

Projects can initially cost more when using simulation, especially during the design 

phase of the project (Harrell et al., 2000). However, the overall costs of the project 

can be less as the cost of implementation and operation are less when simulation is 

used (see Figure 2.5). To benefit from the simulation study the implementation of the 

findings is an important task. Shannon (1975) notes that usually only a very small 

amount of time is spent implementing the findings. He argues that it is “important to 

spend more time on interpreting and implementing the results”. 

 

Figure 2.5: Cumulative system costs with and without simulation (Harrell et al., 2000) 

Moore (1999) points out that if manufacturing system design can be aided during the 

early stages with the appropriate tools, modifications in the design can be reduced, 

and consequently money and time can be saved. Kosturiak and Gregor (1998) state 

that the right timing of the simulation model application is one of the main conditions 

for a successful project. Figure 2.6 shows that the most effective application areas are 

in the first project phases due to low costs and many free decision degrees. The 

diagram also shows that once a simulation model is designed, it has many uses 

throughout the life cycle of the manufacturing system it represents.  
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Figure 2.6: Simulation study cost-benefit diagram (Kosturiak and Gregor, 1998) 

 

2.5 Stages of a Simulation Study 

The key processes in a simulation study have been described by many authors in the 

main very similar, amongst them Shannon (1975), Carrie (1988), Law and Kelton 

(1991), McHaney (1991), Robinson (1994), Kheir (1995), Banks et al. (1996), 

Oakshott (1997) and Guasch and Piera (2001). These authors see the application of 

simulation mainly as a sequential process, but with iterations within the different 

stages. Robinson (2004) states that “the main differences lie in the naming of the 

processes and the number of sub-processes into which they are split”. A comparison 

of different simulation study approaches conducted by Oyarbide-Zubillaga (2003) 

comes to the same conclusion. Table 2.4 provides a compilation of the key processes 

of a simulation study and their consideration within the outlines of the different 

authors mentioned above. These key processes are also depicted in Figure 2.7 together 

with their main iteration loops. 
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STAGES / AUTHORS 1 2 3 4 5 6 7 8 9 
1.- Shannon, (1975); 2.- Carrie, (1988); 3.- Law and Kelton, (1991); 4.- McHaney, (1991); 5.- Robinson, (1994); 6.- Kheir, 

(1995); 7.- Banks et al., (1996); 8.- Oakshott, (1997); 9.- Guasch and Piera, (2001) 
    1.- Problem formulation, objectives and plan 4 3 2 

     2.- Model conceptualisation N 
 

       3.- Data collection 
      4.- Model translation / building 3 

 5.- Model verification N N N N   
      6.- Model validation 2 2

    7.- Experimental design and runs 3 2 2  
     8.- Analysis of experiments   

    9.- Documentation and reporting N 2 2 
  10.- Implementation and/or training N N N N 3

TOTAL NUMBER OF STAGES 10 6 9 15 15 6 11 11 9 

Note:  = Considered; N = Decomposed in ‘N’ sub-stages; N = Not considered explicitly.

 

Table 2.4: Comparison: Stages in a typical simulation study 
(Oyarbide-Zubillaga, 2003) 

 

 

Figure 2.7: General steps in a simulation study (after Banks et al., 1996) 
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Balci (1994) goes one step further by representing a comprehensive life cycle of a 

simulation study that defines not only the processes and phases of the simulation 

study but also the credibility assessment stages required (Figure 2.8). He states that 

“the key to success in a simulation study is to follow a comprehensive life cycle in an 

organised and well-managed manner” and stresses that “assessment of accuracy 

(verification, validation and testing) must be done right after completing each phase 

of a simulation study” and not just after the simulation results are obtained. A detailed 

description of the individual processes, phases and credibility assessment stages can 

be found in Balci (1994). This view is supported by Robinson (2004). He states that 

“model testing (or verification and validation) is not a single process within 

simulation modelling, but a continuous one that is performed throughout model 

development and use”. 

 

Figure 2.8: Life Cycle of a simulation study (Balci, 1994) 
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2.6 Current Limitations of Manufacturing System Simulation  

When DES is used to simulate manufacturing systems, the predicted system output 

usually differs from the real system output. This section investigates this phenomenon 

in order to uncover the current limitations of manufacturing system simulation. 

Section 2.6.1 describes the gap between the performance of a real manufacturing 

system and its predicted performance by DES models. Section 2.6.2 identifies 

voluntary and involuntary human variation in task execution as one of the potential 

components causing the gap. Finally, Section 2.6.3 reviews how this fact is currently 

considered within manufacturing system simulation.  

 

2.6.1 Predicted System Output vs. Real System Output 

It is a common observation that a gap exists between system performance as predicted 

by DES models and the outputs that such systems generate in practice (Baines et al., 

2003a). Simulation models compared to real world systems tend to model the real 

world too ‘optimistically’ as shown in Figure 2.9. Mayer and Benjamin (1992) warn 

that simulations often do not sufficiently represent reality to aid the design process. 

This view is supported by Carrie (1988) who describes four sets of factors which 

impact the accuracy of simulation, and which are fundamental limitations affecting all 

simulation projects. These are; the assumption made to simplify the model, the effect 

of transient behaviour, the effect of bias in the random numbers used to introduce 

stochastic variation, and the accuracy of the model data. 

 

Figure 2.9: Gap between real system output and simulation model output 
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Due to the complexity of real systems a simulation model can only be a restricted 

copy of a real system. Shannon (1975) states in this context that the essence of the art 

of modelling is abstraction and simplification. Robinson (1994) gives the advice that 

“when considering what to include in a model the basic rule is: model the minimum 

amount of detail required to achieve the project’s objectives”. He states that basically 

80% of the accuracy is obtained from 20% of the model detail. Banks et al. (1996) 

also stresses the importance of realising that “the model complexity need not to exceed 

that required to accomplish the purpose for which the model is intended” and that 

“one should always design the model around the question to be answered rather than 

try to imitate the real world”. The tendency among inexperienced modellers is to try 

and include too much detail, which makes the model prohibitively expensive to build 

and run (Shannon, 1975). 

On the other hand Robinson (1994) warns that simplifying and abstracting of a model 

often leads to some loss in accuracy and states that it would be very useful to estimate 

the extent of this loss. Law and McComas (2002) warn that “simplification might even 

produce completely erroneous simulation results”. 

Chun (1997) sees input data collection as one of the key problem areas in a simulation 

project, as the quality of simulation predictions is directly dependent on the accuracy 

and reliability of the input data. This opinion is shared by Sargent (2000), who states 

in this context, that the validity of the input data and the simulation are the issues that 

control simulation quality. 

Baines and Kay (2002) found that the predictions produced by DES models of highly 

automated systems are notably more accurate than those involving direct workers 

(people, dedicated to predominately manual routines). As a consequence they assume 

that this is caused mainly by the lack in understanding of the relationships between 

people, their working environment, the effects on subsequent performance and the 

missing capabilities of modelling these in an appropriate way (Baines and Kay, 2002). 

 

2.6.2 Human Variation in Context of Manufacturing Task Execution 

Ghosh and Gagnon (1989) conducted an extensive review of assembly line design 

literature including authors such as Muth (1973), Rao (1976), Wyche and Wild 
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(1977), Magazine and Silver (1978), Sadowski and Medieros (1979) and Smunt and 

Perkins (1985). They concluded that variation in task completion time is a major 

component of line efficiency loss. 

The phenomenon of work-time variation has long been known and its characteristics 

have been investigated in principle by Dudley (1955; 1963), Conrad (1954) and 

Murrell (1962). The operations studied covered a wide range of tasks and were 

performed by trained and experienced workers, male and female, who were free to 

work at their own pace. In every case, the resultant frequency distribution of operation 

times throughout the day was positively skewed, compared with a typical normal 

distribution of a process controlled operation time (Dudley, 1968). The positively 

skewed nature has been explained by Conrad (1954) in the way that “the processing 

time required by the operative ultimately depends on a number of psycho-motor 

thresholds, in such way that there is an absolutely minimum time, without there being 

an absolutely maximum time”. 

Figure 2.10 shows an example plot of such a frequency distribution. Conrad (1954) 

states that for such frequency distributions approximately 66% of readings lie below 

the mean, and that it is common that there are a certain number of much longer times. 

 

Figure 2.10: Histogram of cycle times in a repetitive task (Murrell, 1962) 
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Murrell (1962) who was looking at operator variability and its industrial consequences 

pointed out that the variability is of an involuntary nature, that it “cannot be prevented 

by the individual however hard he tries”. Humans display a natural variation in task 

time when conducting a task, and it is generally accepted that each successive task 

time is statistically independent (Dudley, 1955). 

In the organisational behaviour literature researchers have focused not only on 

demonstrating the existence of individual differences in ability, motivation, and 

personality but on showing their effect on performance (e.g. Hunter et al., 1990; 

Schmidt et al., 1988). Indeed, without displaying an understanding of the impact of 

individual differences in performance, operations management models of flow line 

performance will lack predictive power and may contain costly inaccuracies (Doerr et 

al., 2002). 

 

2.6.3 Consideration of Human Variation in Manufacturing System Simulation 

The behaviour of machines and the modelling of this behaviour have long been 

studied in the engineering sciences and are well understood by the simulation 

practitioners (Carrie, 1988). Conversely, this cannot be said about human behaviour 

(Checkland, 1981). Poor representation of human behaviour can be identified as one 

of the potential shortcomings of manufacturing simulation (Ehrhardt et al., 1994; 

Freudenberg and Herper, 1998; Baines and Kay, 2002).  

In DES models a standard way of taking workers into account is to model them as 

deterministic resources that are required in order for machines to operate (Ehrhardt et 

al., 1994). This representational method is simple and straightforward, even though it 

only describes the static behaviour and is usually too simple to draw satisfactory 

simulation results (De Souza and Zhao, 1997). Currently, no DES tool readily enables 

more detailed modelling of human performance (Baines and Kay, 2002). This is seen 

as especially problematic when modelling systems with predominantly manual tasks 

like manual assembly flow lines (Baines et al., 2003b). Ehrhardt et al. (1994) point 

out that “for those systems we need a model which also considers the strain of 

workers”.  
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Several difficulties regarding human performance modelling have been identified by 

different authors. Bernhardt and Schilling (1997) identify the complexity of the task 

as one of the problems in implementing human behaviour abilities into manufacturing 

modelling tools. They state that “it would be very hard or even impossible to include 

more than the working capacity of people and the allocation to the work itself”. 

Baines and Kay (2002) identify two barriers that prevent practitioners from utilising 

the wealth of knowledge available concerning performance and behaviour workers. 

First, the knowledge is contextually sensitive and may be applicable only in certain 

situations. Second, the knowledge is not available in a readily usable form. Checkland 

(1981) identifies the format of worker representation as the limitation. He states that 

people cannot be accurately modelled in the same way as technological elements, as 

they are capable of independent actions and are susceptible to a much wider range of 

stimuli and responses.  

Case studies in the manufacturing domain where workers are modelled differently 

from the typical resource concept or where the attention is on the worker while 

planning a work process are rarely found in the literature. The following paragraphs 

show some examples of studies that have been identified during the literature review. 

Ehrhardt et al. (1994) describe an attempt to develop a simulation extension tool that 

is capable of modelling the strain of manual work in manufacturing systems in order 

to support the design of work processes. Among a variety of data sources that are used 

is an ergonomic database of 200 different work sequences. Each sequence is described 

by the name of the work task, the equipment used, and other quantities such as the 

weight of the objects and a seven-point stress scale designed by Müller and Hettinger 

(1981). This scale defines stress intensity as a function of workload, effective 

temperature, effective radiant heat load, equivalent noise level and working pulse rate. 

Freudenberg and Herper (1998) developed and tested a human simulator add-on to 

represent the flexible nature of modern team working in manufacturing and to help the 

designer to decide the level of detail up to which a worker must be modelled in a 

simulation. The add-on, tested with Witness, GPSS/H, and Proof, models workers 

without endogenous behaviour, but contains an extensible series of attributes and a 

separate time management model which allows for the distinction between machine 

and human working hours. 
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Bernhardt and Schilling (1997) describe the simulation of group work processes to 

predict group performance. They used a simulation model where seven people with 

different qualifications had to organise their work on more than 15 different assembly 

stations. One goal was to experiment with the model to assess the impact of the 

workers’ qualification on throughput and production time for different weaving 

machines.  Within the model each worker is modelled as a self-running process which 

controls a worker entity and owns data as well as certain rules for doing the work. The 

worker process has to make decisions on where the worker has to work based on his 

qualification and the system state of the manufacturing process. 

 

2.7 Opportunities to Overcome the Current Limitations 

Pew and Mavor (1998) state that models and techniques are emerging within the 

military or social science domains that clearly indicate that some valid modelling of 

operator performance is possible. This section takes a closer look at these domains 

with the intention to identify suitable models and techniques that could help to 

develop a modelling capability of worker performance and behaviour to support 

manufacturing systems design. 

It reviews the relevant literature about human performance and behaviour modelling 

in systems engineering (Section 2.7.1), which is dominated by military publications 

and in the social sciences (Section 2.7.2). 

 

2.7.1 System Engineering and Human Performance Modelling 

Over the past few decades, tools and techniques for modelling and predicting human 

performance in complex systems have evolved and matured. Design issues to which 

human performance modelling has been applied include: operational analysis, 

operations research, frequency and nature of errors, effect of environmental stressors, 

requirements development, training requirements, certification, function allocation, 

automation, crew complement, selection, workload, team interaction, communication, 

display design and evaluation, control design and evaluation, workspace design, and 

development of procedures (WG-22, 1998). Although not all of these areas are related 
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to manufacturing it has been found throughout the literature studies that work that has 

been applied to other contexts can still elicit useful data, thoughts, and theories that 

may be extrapolated and adopted into a manufacturing context. This indicates that 

there is a rich pool of information and examples available which can help to guide the 

development of a human performance modelling capability for the purpose of 

manufacturing system design. 

Table 2.5 provides a classification of human performance models as proposed by the 

US National Research Council Panel on Human Performance Modelling (Elkind et 

al., 1990). The table has been extracted from the documentation of HOMER (WG-22, 

1998), which is an expert system for system designers to provide advice in the 

selection, application and use of human performance models. Example applications 

and example references from the literature have been added for each category and 

have been described in more detail when it was assumed that it might be of relevance 

to manufacturing systems design. 

 

 Table 2.5: System engineering modelling of human performance 
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Anthropometric models are determining the ability of an operator of a given physical size to work within a given space, to reach specific
controls and to see specific displays. They are a special form of computer aides design. They were developed specifically to enable
ergonomic design activities to be undertaken in a CAD environment, and their principal feature is a 3D animated human mannequin.

Anthropometric models

Example tools: CrewChief; Jack; SAFEWORK Pro; MDHDMS (McDonnell Douglas Human Modelling System); ManneQuinPro; U-MAN
References: Kroemer (1988); UGS (2004)

SAFEWORK Pro has been designed to evaluate all elements of human performance, from static posture analysis through to complex task
analysis. It possesses a range of tools and methods that specifically analyse how a mannequin will interact with objects in the virtual

environment. Each mannequin has over 100 anthropometry variables.

The task network models have been the basis of many early uses of human performance models in complex, practical real world tasks. A
complex system is represented by a network of component processes, each modelled by statistical distributions of completion time and

probability of success. The resultant computer program is run as a Monte Carlo simulation to predict the statistical measure of overall system
performance. The human is assumed to interact with the environment through a sequence of activities or tasks which are described by an

operator action, an object of that action, and other qualifying or descriptive information. A task network is a collection of procedures and tasks
that contains hierarchical and sequence information. The human is assumed to be sensitive to global variables such as stress or motivation,

and the approach also includes estimates of human and system reliability.

Task network models

Example tools: SIMWAM (Simulation for Workload Assessment and Modeling); MICRO SAINT
References: Card et al. (1983); Sebok et al. (1997); Yow and Engh (1997); Schunk (2000); Wetteland et al. (2000); Laughery (1998)

SIMWAM is a task network simulation tool that can execute a previously defined network model (build with NETWORK). During a SIMWAM
run, tasks are called when prior tasks are completed. If sufficient operators are available for a called task then it will be started. Input data that

describe a task include a list of qualified operators and the number of these required to perform the task. In attempting to start a task,
SIMWAM will assign operators who are currently idle. SIMWAM can also attempt to interrupt lower priority tasks in process to obtain

operators for higher priority tasks.

Micro Saint is a discrete event task network modelling tool. Micro Saint can be used to analyse and improve any system that can be described
by a flow diagram. Micro Saint executes a discrete event simulation model. This model uses the stochastic branching logic, task interaction

and performance estimates to generate results that predict the range of system output. Action View, an iconic animation tool, allows the user
to create a customised animation scene.

GOMS is a task modelling method to describe how operators interact with their systems (Card et al., 1983). Goals and sub-goals are
described in a hierarchy. Operations describe the perceptual, motor and cognitive acts required to complete the task. The methods describe
the procedures to complete the tasks. The selection rules predict which method will be selected by the operator in completing the task in a

given environment. GOMS is mainly used in human-computer interaction and considers only sequential tasks.

The general aim of workload prediction techniques is to accurately predict the relationship between task demand and operator capacity.
Workload can be defined in terms of physical or mental properties. The human is assumed to have a number of available channels. At issue
is whether one can predict the change in performance, given the characteristics of either, the processing on each channel in isolation or the

relationships between channels. It has to be mentioned that some researchers have recently begun to question the whole concept of multiple
resource allocation theory, which is central to many of the current approaches.

Workload prediction models

Example tools: TAWL (Task Analysis Workload); PUMA (Performance and Usability Modelling in ATM); WinCrew
Reference: Archer and Lockett (1997); Hendy and Farrell (1997)

Situational awareness can be described simply as knowing, what is going on so that one can figure out what to do. The aim is to assess the
operator’s knowledge about: spatial orientation, positional awareness, temporal awareness, automation awareness, and tactical situation

awareness. Situational awareness models have been used for example in military command and control systems and air traffic management.

Situational awareness models

References: Adam et al. (1993); Qureshi (1998); Corker (1999)

WinCrew is a task and workload analysis tool that is designed to predict system performance as a function of human performance. Data input
uses task and function times and sequences, error consequences, function allocation, crew-station design and workload allocation. These
data are used to assess and predict system performance variations from varying function allocation, crew complement, and high workload.

Hendy and Farrell (1997) describe in a report IP/PCT, a theoretical framework of a time-based information processing model for the human
operator developed by the Canadian Defense and Civil Institute of Environmental Medicine. It derives various relationships and rules

necessary to implement these ideas in a task network simulation environment. The report also links the Information Processing (IP) part of the
model, with concepts from (Perceptual Control Theory) PCT.

The reliability of human-machine interactions refers to the effectiveness with which humans and machines co-operate to accomplish tasks.
Neither human nor machine is assumed to be the sole contributor to reliability. There are three general groups of approaches to the issue of
reliability: human error occurs at the level of individual subtasks, human error is dependent upon processing mode, and human error is the

product of a mismatch between problem-solving demands and resources.

Human reliability models

Example Tool: GEMS (Generic Error Modelling System; TRACEr (Technique for the Retrospective Analysis of Cognitive Errors)
References: Sebok et al. (1997); Yoshimura et al. (1988); Shorrock and Kirwan (1999)  

Table 2.5: System engineering modelling of human performance, continued 
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Table 2.5: System engineering modelling of human performance, continued 

Regarding the form of human performance modelling Rasmussen (1983) states that 

what is required is not a single integrated quantitative model of human performance 

but rather an overall qualitative model which allows matching categories of 

performance to types of situations. In addition, more detailed and preferably 

quantitative models are required to represent selected human functions. 

 

2.7.2 Social Science and Human Behaviour Modelling 

Most of the computer modelling conducted in social sciences is generally for the 

purpose of theory building rather than the prediction of specific outcomes 

(Lewandowsky, 1993). The intention is to generate data concerning the interaction of 

multiple discursive hypotheses. Gilbert and Troitzsch (1999) state that the real world 

phenomena studied in the social sciences are dynamic, changing over time and 

reacting to their environment. They conclude that analytical reasoning with such 

complex systems can be very difficult or even impossible, as the specification is 

mainly non linear whereas the assumption of linearity is required for most 

conventional statistical methods. Gilbert and Troitzsch (1999) argue that the only 

generally effective way of exploring non-linear behaviour is to simulate it by building 

a model and then running a simulation. 
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Table 2.6 provides a classification of approaches used in the social sciences to model 

and simulate human behaviour for numerous purposes. Example references from the 

literature have been added for each category. Further overviews of this area can be 

found in Vallacher and Novak (1994), Doran and Gilbert (1994), Gilbert and Conte 

(1995), Conte et al. (1997) and Gilbert and Troitzsch (1999). 

 

Table 2.6: Social science modelling of human behaviour 

Axelrod (1997) describes simulation as a third way of doing science in the social 

sciences in contrast to induction and deduction. He explains the difference between 

these three methods in the following way: “while induction can be used to find 

patterns in data, and deduction can be used to find consequences of assumptions, 

simulation modelling can be used as an aid to intuition”. Gilbert and Troitzsch (1999) 
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describe simulation as a new way of examining social and economic processes by 

studying the emergence of complex behaviour from relative simple activities, an 

approach that conforms to the ideas of complexity theory (Gleick, 1987; Waldrop, 

1992; Kauffman, 1995).  

The study of complex systems is a new field of science related to complexity theory. 

It examines how parts of a system lead to the collective behaviours of the system, and 

how the system interacts with its environment. It cuts across all traditional disciplines 

of science, as well as engineering, management, and medicine and is about 

understanding indirect effects that are not obviously related to their causes (Bar-Yam, 

1997). Complex adaptive systems (CAS) are a specific category of complex systems 

changing their behaviour in response to their environment (Bar-Yam, 1997). They are 

denoted by the following three characteristics: evolution, aggregate behaviour and 

anticipation (Holland, 1992; Trisoglio, 1995). Here, evolution refers to the adaptation 

of systems to changing environments, aggregate behaviour refers to emergence of 

overall system behaviour from the behaviour of its components and anticipation refers 

to the expectations the intelligent agents involved have regarding future outcomes. 

Since CAS adapt to their environment, the effect of environmental change cannot be 

understood just by considering its direct impact. Therefore, also the indirect effects 

have to be considered due to the adaptive response. 

Organisations, which are basically groups of people working together to attain 

common goals, can be characterised as such CAS composed of intelligent, task-

oriented, boundedly-rational, socially-situated agents. These agents are faced with an 

environment that has the potential for change (Carley and Prietula, 1994). Henk 

(1993) confirms that multi-agent systems are promising as models of organisations as 

they are based on the idea that most work in human organisations is done based on 

intelligence, communication, co-operation, and massive parallel processing. 

Computational Organisation Theory (COT) is concerned with building new concepts, 

theories, and knowledge about organising and organisation in the abstract, to develop 

tools and procedures for the validation and analysis of computational organisational 

models, and to reflect these computational abstractions back to actual organisational 

practice through both tools and knowledge (Carley and Gasser, 1999). In simpler 

terms it is concerned with determining on the one hand what organisational designs 
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makes sense when and on the other hand what are the relative costs and benefits of 

these various configurations. One of the most commonly used techniques to model 

CAS is multi-agent based modelling (Skvoretz, 2003) where the organisation is 

composed of a number of intelligent agents. Unlike traditional multi-agent models 

COT models draw on and have implemented into them empirical knowledge from 

organisation science about how human organisations operate and about basic 

principles for organising (Carley and Gasser, 1999). 

 

2.8 Chapter Summary 

This chapter has introduced the concept of a manufacturing system associated design 

process. Within this process a vital step is evaluation of design alternatives, which 

involves a combination of analysis, judgement and bargaining. Here simulation and in 

particular DES is a popular technique to support this step. Hence, this chapter has also 

reviewed simulation modelling using DES and the processes involved in a simulation 

study. 

Particular constraints exist with the predictive capabilities of DES models when they 

are used for the design of manufacturing systems that involve predominantly manual 

tasks.  Workers’ involuntary and voluntary variation in task completion time has been 

identified as a major component of line efficiency loss. The representation of this 

variability by means of stochastic task completion times is not yet commonly used in 

DES models of manufacturing systems, as currently no DES tool readily enables more 

detailed modelling of human performance. 

Further investigation has shown that in other research domains, for example systems 

engineering and social sciences, models and techniques are emerging that clearly 

indicate that some valid modelling of human performance is possible.  The reviewed 

approaches to model and simulate human performance and behaviour have been of 

diverse nature: prescriptive and descriptive approaches; top down and bottom up 

approaches, single task and multi task models; individual and team models; for 

representational and for predictive purposes. Moreover, the reviewed approaches use 

different modelling techniques which can be classified as: micro modelling, meta 

modelling and macro modelling. 
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The macro modelling approach seems to be most suitable for modelling worker 

behaviour as it attempts to take all of the inputs and outputs of a system 

simultaneously into account and allows modelling the interdependencies between all 

system components. COT as a methodology using the multi-agent paradigm as a 

technique has been identified as the most suitable way to build macro models that 

allow simulating worker behaviour.  

Before spending time and resources to develop more sophisticated representations of 

human performance as described in Section 2.7 it needs to be investigated whether the 

way in which direct workers are currently represented within DES models of 

manufacturing systems is of an appropriate accuracy. Chapter 3 considers a suitable 

research methodology to address these issues. 
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CHAPTER 3 
DEVELOPMENT OF RESEARCH AIM AND PROGRAMME 

 

From the literature reviewed in Chapter 2 it is apparent that direct workers vary in 

their performance. This phenomenon is not yet reflected in the simulation models 

used for the design and re-design of manufacturing systems. The intention of this 

research is to investigate the importance of considering this performance variation and 

to look for alternative ways of representing it. 

Section 3.1 briefly reiterates the research problem. Section 3.2 presents the research 

aim and objectives devised to address the research problem. In Section 3.3 a 

structured research programme is developed that allows systematic execution of the 

research. Finally, Section 3.4 provides a summary of the chapter. 

 

3.1 Research Problem 

Most manufacturing systems are highly complex constructs and their behaviour is of a 

dynamic and stochastic nature (Section 2.2). A major advantage of a simulation model 

compared to an analytic model is its ability to model random events based on standard 

and non-standard distributions and to predict the complex interactions between these 

events (Section 2.3). It is generally agreed that simulation is a useful aid for the design 

and redesign of manufacturing systems (Section 2.2 and 2.4). Due to the complexity 

of real systems a model can only be a restricted copy of the real system; the process of 

simplification and abstraction is used when building simulation models (Section 

2.6.1). This leads to a gap between the performance predictions of a system model and 

the performance of the real system (Section 2.6.1). The task completion times vary 

significantly for the same task between different people but also for the same person 

when conducting a task several times (Section 2.6.2). Currently, this form of human 

behaviour is not represented within the simulation models (Section 2.6.3). This is a 

particular problem when modelling systems with predominately manual tasks like 

manual assembly flow lines (Section 2.6.3). So far the main difficulty of 

implementing human behaviour abilities into manufacturing system modelling tools 

has been seen in the complexity of this task (Section 2.6.3). It would be very useful to 
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estimate the extent of the loss in accuracy that the process of simplification is causing 

in regards to Human Performance Variation (HPV) (Section 2.6.1). 

Robinson (1994) emphasises the importance of separating the cause from the effect 

when identifying a problem. Hence, the problem definition is presented in two parts: 

Cause: The way in which direct workers are represented within Discrete Event 

Simulation (DES) models is oversimplified as a consequence of ignoring 

worker performance variations. 

Effect: This affects especially manufacturing system simulation models with a high 

proportion of direct workers like manual assembly flow lines. It adds to the 

inaccuracy of DES model output and the simulation model does not reflect 

the behaviour of a real system in an appropriate way. 

 

3.2 Research Aim, Objectives and Deliverables 

Taking into account the reasoning given above a research aim is submitted for this 

thesis that will, if satisfied, make a worthy contribution to knowledge about human 

oriented manufacturing systems simulation. This aim is: 

‘To investigate the importance of incorporating human performance variation models 

into manufacturing system simulation models and thereby enhance the capabilities for 

simulation experts to represent the behaviour and predict the performance of labour 

intensive manufacturing systems.’ 

Objectives should be considered, if possible, in terms of achievements, measures and 

constraints although in some instances measurements and constraints do not apply or 

it is impossible for them to be quantified (Robinson, 1994). Therefore, the main 

objectives evolved from the aim are: 

1. Investigate the absolute error that ignoring human performance variation within 

manufacturing system simulation models can cause. 

2. Identify the effect that different representations of human performance variation 

have on the output of manufacturing system simulation models. 
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Two deliverables are needed from this research. The first deliverable is a set of 

recommendations that supports the system designer in his decision when to consider 

HPV modelling and, if considered, in what form to implement it most efficiently. As 

highlighted in Section 2.6.1 the permitted level of abstraction and simplification 

depends on the purpose of the study and the system to be modelled. HPV modelling 

should only be used in cases where it is assumed to have a big impact on the accuracy 

of the simulation model as it requires extra effort which results in extra costs and 

development time. The second deliverable is a suite of ‘plug and play’ HPV sample 

models. This allows the simulation expert to become familiar with this new form of 

modelling direct workers and to gain first-hand experience by experimenting with the 

sample models. The sample models can also be used to consider the recommendations 

from the first deliverable in absence of more accurate data of the system under study. 

Therefore, these sample models need to come with implementation algorithms that 

make it easy to integrate them into DES models. This can be supported by designing a 

tutorial which describes and demonstrates the implementation process. 

 

3.3 Development of Research Programme 

To realise the above aim and objectives a strategic research programme is necessary 

to direct the activities of this research in a number of stages. Such a programme is 

developed in this section following the principles of research design. 

Section 3.3.1 reviews different research methodologies and concepts available in the 

literature. Section 3.3.2 develops a research programme based on the research 

methodologies and concepts reviewed by identifying the activities and methods that 

are required to realise the objectives in a structured manner. 

 

3.3.1 Principles of Research Design 

Coolican (1999) describes research design as concerning “the overall structure and 

strategy of the research study comprising a range of theoretical and methodological 

considerations”. Methodology is defined by Leedy (1980) as “merely an operational 

framework within which the facts are placed so that their meaning may be seen more 
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clearly”. Phillips and Pugh (2000) give a more detailed definition saying that a 

methodology “helps to ensure project aims are achieved and facilitates the process of 

answering of the research questions and meeting the deliverables”. Garson (2002) 

points out that there is no perfect methodology. This point of view is supported by 

Manstead and Semin (1998) who say that “strategy and tactics selected in carrying 

out a piece of research will be guided by the type of research question that needs to be 

answered”.  

Many books about research methodology have been written by authors such as Burns 

(2000), Gill and Johnson (1991), Greenfield (1996), Leedy (1980), Robson (2002) and 

Yin (1994). While most of them focus on specific research methods or specific areas 

of application, Robson (2002) provides a very generic description of the research 

process. This has been used as the main source for the following description of the 

definition and design of a research methodology.  

Saunders et al. (2000) state that deciding the nature of the research approach is a 

crucial early stage of research design that will help define further considerations that 

need to be made. There are two major approaches in research design: deductive and 

inductive. Deductive research attempts to generate scientific principles using 

primarily experimental and quantitative techniques (Gummesson, 1991). It tests 

support for existing theory and hypothesis (Rose and Sullivan, 1996). Inductive 

research seeks to establish new theory by employing more interpretive and qualitative 

methods (Robson, 2002). 

Robson (2002) indicates, that a research methodology can be characterised by a set of 

research defining elements. He identifies these elements as: research purpose, 

research strategy, type of data collected, data collection methods and data analysis 

methods. 

The research purpose is essentially dependent on the research aim and the nature of 

the research question. Robson (2002) states three different research purposes: 

exploratory, descriptive, and explanatory. Exploratory research is concerned with 

finding out what is happening, seeking new insight or assessing phenomena in a new 

light. Descriptive research aims to provide an accurate profile of an established 

situation, which requires extensive previous knowledge of the situation to be 
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researched or described. Explanatory research seeks an explanation of a situation or 

problem, usually in form of causal relationships.  

Research strategy is conditioned by the research purpose. Robson (2002) identifies 

three basic types of research strategy: experiment, survey and case study. Robson 

(2002) as well as Yin (1994) point out three factors that should be considered for 

choosing the most appropriate research strategy. These factors are: research 

question(s), the degree of control over events and focus on past or present events.  

Saunders et al. (1997) distinguish two different types of research depending on the 

type of data collected: qualitative research and quantitative research. Phillips and 

Pugh (2000) state that “the collection and analysis of data are activities clearly 

specific to each discipline and, within that, to each topic”. 

Some additional considerations have to be made during the research design stage 

when conducting real world studies. Robson (2002) stresses the importance that “any 

real world study must obviously take serious note of real world constraints”. 

Brewerton and Millward (2001) warn that throughout the research design stage it is 

important to consider constraints and limitations of the project, such as time and 

resources. Robson (2002) adds that access and co-operation are similarly important. 

In summary, the following taxonomy for types of research has been proposed by the 

different authors: deductive vs. inductive, exploratory vs. descriptive vs. explanatory, 

experiment vs. survey vs. case study and qualitative vs. quantitative. The remainder of 

this section shows how the objectives defined in Section 3.2 suggest the type of 

research and hence the methodology to be used. 

The first objective (assessment of system representation) suggests a deductive 

approach, testing the hypothesis that ignoring HPV causes inaccuracies in the 

simulation model output. Furthermore, it will be descriptive as it determines what is 

actually happening and quantitative as it needs to be able to measure absolute values. 

Finally, a case study will be used which is based on actual empirical data. The case 

study approach rather than a wider survey approach has been adopted because of time 

and resources constraints and problems of arranging access and co-operation.  

The second objective (assessment of different forms of HPV considerations) also 

suggests a deductive approach, testing the hypothesis that different representations of 
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HPV have different effects. As the approach for the first objective it will be 

quantitative. However, unlike the first objective it is exploratory and poses ‘what if?’ 

questions. Hence, it is experimental though based in part on the results of the case 

study. 

 

3.3.2 Formation of the Research Programme 

The consideration of the research aim led to a logical series of objectives that form a 

structured approach for the planning and execution of the research (Section 3.2). The 

research programme defines the sequence of activities to be carried out in order to 

realise the research aim. 

An overview of the developed research programme is given in Figure 3.1. It consists 

of two different stages: experiment preparation and experiment execution. These two 

stages are jointly required to fulfil the two objectives. The detailed methods to 

accomplish each of the activities listed in the stage descriptions in Figure 3.1 are 

discussed in the relevant chapters. This section continues with an explanation of a two 

step strategy to accomplish the research aim where each step is related to one of the 

two objectives. 

 

Step 1: Assessment of System Representation 

The experiment that is carried out to fulfil the first objective requires a demonstration 

of the absolute error that ignoring HPV within manufacturing system simulation 

models can cause. The way in which this can be demonstrated is by assessing expert 

manufacturing system simulation models.  

Case studies can vary in number and size depending on factors such as time and 

resources (Brewerton and Millward, 2001; Robson, 2002). The main weakness of a 

single case study is the limit to which the conclusion could be generalised. The 

alternative is the use of multiple cases, where depth of study may be reduced but 

external validity is gained (Voss et al. 2002). Using the case study anthology 

discussed above the same reasoning can be applied to the choice of the number of 

simulation models to be used for the experiment. Carrying out the experiments with 
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only one simulation model would be very limited and the research aim requires a 

general testimony. On the other hand, time and resource availability have to be 

considered (Section 3.3.1). As a compromise it has been decided to use two 

simulation models for all the main simulation experiments conducted during the 

research programme. 

Conclusions:

Summary of Research Contribution
Limitations and Concerns of the Research

Future Research

Stage 1: Experiment Preparation

Action: This stage involves a number of activities aimed at delivering the premise to successfully execute the
experiments needed for fulfilling objective i and ii. A field experiment is conducted to quantify the performance

variation of manual assembly line workers. The collected data are then used to design empirical representations
of worker performance variation, which are integrated into existing manufacturing system simulation models.

Method: field experiment; data collection and processing; model design and validation

Stage 2: Experiment Execution

Action: In this stage the manufacturing system simulation models enhanced in the previous stage are used to
execute the experiments in order to fulfill objective i and ii. This is followed by an analysis of the results. The
experiments are (i) assessment of system representation; (ii) assessment of human performance variation

consideration.

Method: simulation experiments and statistical analysis

Research Objectives:

(i) investigate the absolute error that ignoring human performance variation within manufacturing system simulation
models can cause; (ii) identify the effect that different representations of human performance variation have on the output

of manufacturing system simulation models.

Research Aim:

‘To demonstrate the importance of incorporating human performance variation models into manufacturing system
simulation models and thereby enhancing the capabilities for simulation experts to represent the behaviour and predict

the performance of labour intensive manufacturing systems.’

 

Figure 3.1: Research Framework 
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The simulation experiment follows the basic stages of industrial simulation project as 

described in Section 2.5. The following requirements for the choice of suitable 

simulation models have been identified: 

• They need to be typical simulation models as they are used in industry during the 

design and redesign of manufacturing systems. 

• They need to be designed by a simulation specialist with experience in modelling 

manual assembly flow lines. 

• It has to be possible to access the line modelled in order to collect performance 

data, validate the models and ensure that enough details are represented in the 

original simulation models. 

• It would be desirable if the simulation specialist by whom the models have been 

designed would be available for support throughout the research project. 

Once the simulation models have been chosen the performance data of the actual lines 

have to be collected and the simulation models must be validated. An experiment has 

to be executed with these conventional simulation models in order to quantify the 

difference between the performance predictions from the simulation models and the 

performance data collected from the real manufacturing system. This demonstrates the 

absolute error of a conventional simulation model. 

This error might be due to abstraction or simplification of the model, or caused by 

inaccurate or missing data of any kind (Section 2.6.1). As the goal of the experiment 

to be conducted in step two is to provide the absolute error caused by ignoring HPV 

(based on the findings of the experiment conducted in step one) it has to be 

thoroughly investigated to determine whether any other major sources of inaccuracy 

that impact on the performance predictions could be eliminated or at least minimised. 

The way in which machine breakdowns are considered when empirical data are not 

available would be an example for such a source of inaccuracy. This is usually the 

case if the manufacturing system represented in the simulation model does not exist at 

the time when the simulation model is built. If such a source of inaccuracy can be 

identified within the simulation models received from the simulation expert the 

appropriate data have to be collected, the model has to be upgraded to consider these 

sources, re-validated and a second experiment has to be conducted.  
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If the magnitude of the error is similar for both manufacturing system models the 

resulting histograms that can be developed from calculating the relative error of the 

performance measures between performance predictions and performance of the real 

system can be used as a first indication of the collective HPV. This could be used in 

similar models to represent the stochastic error caused by HPV. 

 

Step 2: Assessment of different forms of HPV considerations 

The experiment that is carried out to fulfil the second objective requires a 

demonstration of the effect that different representations of HPV can have on the 

accuracy of manufacturing system simulation models. The way in which this can be 

demonstrated is through a sensitivity analysis, which can be used to determine if the 

simulation output changes significantly when the value of an input parameter is 

changed, when an input probability distribution is changed, or when the level of detail 

for a subsystem is changed (Law and Kelton, 1991). If the output is sensitive to some 

aspect of the model then that aspect must be modelled more carefully (Robinson, 

1994). 

In this experiment one aspect of interest is to find a suitable way in which HPV can be 

represented within the manufacturing system simulation models. During the planning 

of the data collection it needs to be assured that the manual workplaces from which 

the data are collected represent some typical tasks as they would appear in any similar 

production system. Once the decisions have been made a statistically significant 

amount of data has to be collected, processed and HPV models designed. These HPV 

models have then to be integrated into the most advanced simulation models produced 

in Step 1. 

The experiment itself consists of two parts. The first part investigates whether the 

simulation model behaviour changes significantly when tasks are assigned at random, 

i.e. if a task-taxonomy is necessary to control the assignment of the HPV models 

within the simulation model. The second part investigates the impact of different 

representations of HPV on the behaviour of a manufacturing system simulation 

model. The impact is then compared with the results from the most advanced 
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simulation models produced in Step 1 as a benchmark. In this way the impact of the 

different forms of HPV can be compared between different manufacturing systems. 

As a result recommendations can be given if representations of HPV need to be 

considered within manufacturing system simulation models. Furthermore it is possible 

to state which form of HPV representation has the biggest impact on the accuracy in 

terms of the output and behaviour of the manufacturing system simulation model. 

 

3.4 Chapter Summary 

The literature review in Chapter 2 has highlighted apparent gaps of knowledge about 

the behaviour of DES models towards HPV representation within manufacturing 

system design. This chapter has defined the research aim, objectives, and deliverables. 

Furthermore, it has outlined the intended plan of how to attain these.  

A two step strategy has been developed to accomplish the research aim where each 

step is related to one of the two defined research objectives. The first step consists of a 

comparison study. Conventional simulation models need to be assessed in order to 

define the absolute error between performance predictions of the simulation model 

and the performance of the real system. The second step consists of a sensitivity 

analysis. Different forms of HPV representation have to be assessed for their impact 

on the accuracy of the manufacturing simulation models. 

This concludes the research problem definition for this research project. Chapter 4 

presents the first step in the execution of the research programme. It is concerned with 

the development of the HPV models required for the second simulation experiment. 
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CHAPTER 4 
DEVELOPMENT OF A HUMAN PERFORMANCE VARIATION 

MODELLING CAPABILITY 
 

The research aim stated in Section 3.2 demands a demonstration of the importance of 

incorporating Human Performance Variation (HPV) models into manufacturing 

system simulation models. Currently, HPV models required for such a demonstration 

do not exist. This chapter describes the development of HPV models that are capable 

of representing the randomness inherent in task performance that is typically found in 

manual automotive engine assembly lines. This is part of the first stage of the research 

programme execution (Figure 4.1). 

Section 4.1 is concerned with the model formulation. Once a model is formulated the 

data requirements are known and data collection and processing can commence. 

Section 4.2 first describes a field experiment undertaken in order to collect the 

required data and then outlines the processing of these data. Section 4.3 explains how 

the HPV models have been derived from the processed data. Finally, Section 4.4 

provides a summary of the chapter. 

 

4.1 Human Performance Variation Model Formulation 

Before a model is created it is good practice to identify the methods by which the 

objectives of the design might best be achieved. Hence, this section deals with model 

formulation which results in a requirements list for the data collection. 

Section 4.1.1 gives an overview of the process that has been used in order to identify 

the data requirements for the HPV models. Section 4.1.2 reviews current measures of 

human performance. Section 4.1.3 reviews possible formats of HPV models. Finally, 

Section 4.1.4 specifies the data requirements for the HPV models. 
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Figure 4.1: Activities carried out in Chapter 4 
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4.1.1 Human Performance Variation Model Formulation Process 

A set of performance variables relating to the performance of individual workers and 

information about the type of models to be designed is required to enable the data 

collection for the HPV models. Figure 4.2 outlines the decision process that has been 

used to identify the data requirements for the HPV models. 

 

Figure 4.2: Human performance variation model formulation process 

In the decision process two viewpoints have been considered: that of a system 

designer and that of a simulation model designer. First it has been identified what a 

system designer regards as important in order to define the effect of worker 

performance upon system performance. Then it has been identified what a simulation 

model designer currently considers in a Discrete Event Simulation (DES) model and 

hence regard as important when it comes to represent the impact of worker 

performance upon system performance. Both steps resulted in a short list of factors to 

be considered for the HPV model design. The final decision has been made by 

looking at the following two criteria: practicality of data collection and level of impact 

on simulation model. The overall decision process is described in Section 4.1.2. 
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4.1.2 Measures of Human Performance 

There are many ways in which human performance can be expressed. The first step in 

identifying the ones that are best suited to represent human performance variation 

within a manufacturing system simulation model was to gather information about 

possible factors. This has been done by means of a literature review in the areas of 

manufacturing, operations management and the social science, through company 

visits, by interviewing system designers and through brainstorming sessions within 

the research group. 

The resulting factors have then been grouped into four categories: direct, indirect, 

objective and subjective. Direct performance indicators measure how the person 

affects the system. Indirect performance indicators measure how the system affects 

the person, which in return might have an effect on the performance of the person. 

Objective indicators can be measured directly while the values of subjective indicators 

are dependent on the judgment of the person measuring. Table 4.1 shows a list of 

grouped factors. 

Objective Subjective

Direct

dependability, reliability, flexibility, activity 
time, cycle time, setup time, repair time, 
error rate, utilisation, lead time, volume, 
productivity, efficiency quality, first pass 
rate, defect rate, scrap rate, rework rate

/

Indirect absenteeism, accident rate, staff turnover, 
overtime, violation

occupational stress, occupational strain, 
fatigue, effort, comfort, job satisfaction, 

annoyance, conflict, emotion  

Table 4.1: Indicators of human performance within a manufacturing context 

In consideration of the assumed impact of these factors on system performance and 

their measurability, a shortlist of factors has been produced. This shortlist was 

presented, discussed and confirmed as desirable at a performance measure meeting 

held at Cranfield University in February 2001. The meeting involved a number of 

experts in the fields of human performance modelling and manufacturing system 

design from academia and industry. Table 4.2 presents the confirmed shortlist, which 

includes the performance measures and their definitions. Figure 4.3 shows their 

integration into a typical performance measure structure. 
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Factor Description
activity time time taken to complete a specific single task or a range of tasks
error rate frequency of unintentional task completion faults

dependability
unrequired or unexpected interruptions to the task commencement, 
continuance, or completion

accident rate frequency  of hazardous events attributable to human error
absenteeism unofficial or informal absence from the workplace

staff turnover number of employees who leave and are replaced over a given period
Indirect

Direct

 

Table 4.2: Shortlist of direct and indirect performance measures 

The next step in the decision process was to investigate the way in which the impact 

of direct workers on system performance is currently considered in DES models. This 

was done by means of consulting a simulation expert and through examination of 

DES models provided by the simulation expert and a simulation software developer. 

The impact of direct workers on system performance is typically considered in two 

different ways. First, it is considered through the time a worker requires to conduct a 

task, represented by standard times. The second way of consideration is through the 

general availability of a worker represented by shift definitions. 

Human Performance
Modelling

Financial goals

e.g. ROI, cashflow, profit

Direct Performance Measures
(how the person/group affects the task)

dependability, activity time, error rate

System Performance Measures

e.g. lead time, utilisation, volume

Organisational Goals

e.g. company of choice, low turnover

dependability

activity time

error rate

absenteeism

accident rate

turnover

Human Performance
Modelling Capability

Discrete Event
Simulation

Indirect Performance Measures
(how the task affects the person/group)

absenteeism, accident rate, turnover

 

Figure 4.3: Generalised performance measure structure 
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Zandin (2001) defines standard time as “the time required by an average skilled 

operator, working at a normal pace, to perform a specific task using a prescribed 

method, allowing time for personal needs, fatigue, and delay”. Standard times are 

derived either from direct work measurements through means of time studies or from 

indirect work measurements through means of synthetic timing (Wild, 1995). Out of 

the standard times for the different tasks a work standard is compiled, including the 

standard times for the direct workers and the cycle times for machines. This is then 

used as a basis for the activity time and cycle time definition within the DES model. 

A shift definition can be described as a chronological sequence of working and non-

working periods (Zandin, 2001). The non-working periods are the relaxation times 

(breaks) for the workers to overcome fatigue. Sequential manufacturing systems 

require all workers to take the breaks at the same time. Within DES models shift 

patterns can be used to define the occurrence of breaks and stop the simulation from 

proceeding with the production process during this time. 

To summarise, at this stage seven factors are being investigated for their potential of 

representing HPV within DES models. The factors comprise: activity time, error-rate, 

dependability, and general availability as direct performance measures and accident 

rate, absenteeism, and staff turnover as indirect performance measures. The next step 

in the decision process outlined in Section 4.1.1 is to consider the following two 

decision criteria: practicality of data collection and level of impact.  

When considering the practicality of data collection the following factors would 

qualify to be carried forward: activity time, general availability of workers and all 

indirect performance measures. The collection of data concerning the activity times 

and general availability of workers could in principle easily be automated. The 

indirect performance data are usually collected by the companies’ human resources 

departments. Difficulties would arise for the collection of dependability data as this 

would require a complex detection mechanism. The same is true for the error-rate. 

Errors are usually only detected at quality check points. In order to attribute errors to 

individual workers or workstations it would be necessary to trace the error source. 

There is no automated system in place that allows these data to be collected. This is 

because union restrictions do not permit errors to be attributed to individuals. 
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When considering the level of impact that the different factors have on the behaviour 

of a DES model the following factors would qualify to be carried forward: activity 

time and dependability. Robinson (1994) states that within a simulation model not all 

data have to be absolutely accurate. He argues that degrees of data accuracy exist and 

that frequent errors are likely to have a bigger impact on the overall model accuracy. 

This would qualify activity time and dependability as the most appropriate factors as 

both are linked with each execution of a task and therefore would be the most 

frequently used data on the list. 

As previously shown in Figure 4.3 the indirect performance indicators, although being 

worker performance indicators, have no direct impact on the output of the 

manufacturing system simulation model. They can rather be seen as statistics to be 

collected in order to support measuring the level to which organisational goals are 

achieved. Their impact on the direct performance indicators, which is depicted in 

Figure 4.3, is automatically considered within the collected data of the direct 

performance indicators. Therefore, indirect performance measures can be dismissed as 

representatives of the impact of HPV within DES models. 

Concluding, it has been decided to use activity time variation and break taking 

behaviour as representatives of the impact that human performance has on system 

performance. For choosing the factors priority has been given to the practicality of 

data collection. 

 

4.1.3 Format of Human Performance Variation Representation 

Biller and Nelson (2002) state that it is generally necessary to represent each source of 

system randomness by a probability distribution rather than just its mean value in a 

simulation model. Similarly, Law and McComas (2002) identify the replacement of a 

distribution by its mean value as one of the pitfalls of simulation input modelling. 

They warn that it is possible that “such practice might produce completely erroneous 

simulation results”. 

Activity time variations and break taking behaviour can be regarded as such a source 

of system randomness. Law and Kelton (1991) identify three different approaches to 

specify a distribution if it is possible to collect some data on an input random variable 
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of interest, in increasing order of desirability: time series data, empirical distribution 

functions or fitted theoretical distributions. A time series can only reproduce what has 

happened historically and there is seldom enough data to make all the desired 

simulation runs. Empirical distribution functions use the data values themselves to 

define the distribution form. Fitted theoretical distributions are generated by using 

standard techniques of statistical inference to fit a theoretical distribution form to the 

data. 

The different distribution types all require the same raw data. For the human 

performance variation models empirical distribution functions seem to be the most 

suitable ones. Law and Kelton (1991) mention two drawbacks for this distribution 

type. The first drawback is that the empirical distribution function may have certain 

‘irregularities’, particularly if only a small number of data values are available. Within 

this research project it is intended to collect a large quantity of data, and thus 

irregularities that occur are based on evidence and consequently are even desirable as 

they represent real working practices that workers adopt. The second drawback is that 

it is not possible to generate values outside the range of the observed data within the 

simulation run which potentially prevents an ‘extreme’ event from occurring. For the 

purpose of the human performance variation models, values outside certain limits are 

not desirable. Extreme values will even have to be removed from the collected data, 

as the goal of the model design is to find a generic representation of a worker 

performance variation. It is not realistic that activity times would change in extreme 

ways from one moment to another unless this change is forced by an external agency. 

In this case the variation can be seen as a system variation and therefore it is not to be 

represented by the worker performance variation models. This is different for example 

when modelling machine breakdowns. They might have a span ranging from several 

seconds to several hours. In the case of processing times the actual time necessary to 

fulfil a task does not vary in this magnitude. Limits for human performance variation 

model values will have to be chosen very carefully to include variations due to the 

workers but eliminate variations due to the system. 
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4.1.4 Data Requirements for Human Performance Variation Models 

Considering all the points discussed in Section 4.1.2 and 4.1.3 it has been decided to 

enhance the two representations of worker performance that are already commonly 

used within DES simulation models of manufacturing systems by replacing their 

standard values with some form of distributions. 

For building the activity time distributions, data needs to be collected on the varying 

processing times taken by a worker to complete a task. The data have to be in a 

suitable format to design distributions and needs to be collected over a period of time 

long enough to have a sample size required to achieve statistic validity. Different 

workplaces need to be considered as distribution might be dependent on the task 

conducted. 

In order for building distributions to reflect break taking behaviour data need to be 

collected on disruptions due to varying break start and break duration times caused by 

the workers when taking a break early and restarting work late. This also includes 

shift handovers, which in terms of the break taking behaviour phenomenon can be 

regarded as a break with no duration. 

To make the human performance variation models usable for the different simulation 

models adaptation algorithms need to be developed which fit the distributions to 

activities with different standard times and to breaks with different break durations. 

These algorithms will require the original standard times of the tasks that have been 

measured and the original break durations of the breaks that have been considered for 

the model design. 

 

4.2 Human Performance Variation Data Collection 

For the simulation experiments HPV models are required. This section describes a 

field experiment conducted in order to measure HPV in a manufacturing context and 

retrieve the data required to design models that are capable of representing HPV 

within a manufacturing simulation model. 

Section 4.2.1 is concerned with the preparation of the data collection. It discusses the 

choice of the test site, data collection method, and measuring equipment. Section 4.2.2 
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describes the execution of the field experiment and the results. Section 4.2.3 describes 

the data processing undertaken to extract the data required for the HPV models. 

 

4.2.1 Preparation of Human Performance Variation Data Collection 

The criteria for selecting a data collection method should include: consideration of 

research objectives and research questions; feasibility and constraints; piloting; ethics; 

and organisational acceptance (Brewerton and Millward, 2001). This recommendation 

has been used as guidance for the design of the data collection method which is 

discussed in this section. 

Section 4.1.3 has identified the format of the HPV models as input distributions for 

simulation models designed from empirical data. The required data are collected by 

conducting a field experiment. Furthermore, this field experiment is used to 

investigate the level of randomness inherent in HPV and the effect that different tasks 

have on HPV. 

In order to maintain contextual validity the experiment has to be conducted in a real 

manufacturing environment. Two criteria have been used to identify a suitable host 

system for the experiment: system type and probability of gaining access. In Section 

3.1 assembly flow lines that are comprised predominately of repetitive manual tasks 

with short cycle times have been identified as the most suitable system type for 

investigating the research problem. A number of appropriate systems from potential 

collaborating companies have been identified where there has been a reasonable 

probability of gaining access. Finally, access has been granted to conduct the 

experiment at a manual automotive engine assembly line. 

Using the classification provided by Hopp and Spearman (2000) the chosen line can 

be classified as an asynchronous, closed, serial production line with a finite buffer 

space. It consists of a mixture of manual workstations (53%) and high precision 

automated machines. The line itself is divided into 12 main work zones. Product units 

pass through all of the zones in turn. The study considers only ten of these 12 work 

zones as the processes performed in the testing and finishing zone are atypical. Each 

of the work zones contains a number of tasks, which are performed by a team of 

workers, varying in size from 6 to 12 people. The workers rotate by the hour in their 
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subsequent zone and therefore each individual on the team works on all the tasks in 

his/her section. The plant operates routinely five days a week for 24 hours per day 

using an eight hour shift system, with three different work crews. 

The activity time performance is not continuously monitored by the host company. In 

order to enable the data collection a technique is required that is able to collect a 

representative sample of activity times for different tasks. This technique should also 

enable the quantification of break taking behaviour by means of break start and break 

duration. 

Before an appropriate data collection technique can be selected an appropriate data 

collection method has to be identified. Data collection methods can be grouped into 

two broad categories: methods involving direct observation and methods involving 

automated electronic timing systems. The group of methods involving direct 

observation is not feasible for long-term time studies, mainly due to personnel 

requirements, the discomfort they cause for the worker, and the accuracy of the 

collected data. Furthermore, direct observation could potentially affect the 

performance being measured as occurred in the classic Hawthorne studies (Cook and 

Campbell, 1976). Hence, an automated electronic timing system appears to be the 

only feasible option to gather sufficient amounts of accurate data. These kinds of 

systems have been used in similar studies previously by researchers such as Dudley 

(1962) and Murrell (1963). 

Automated monitoring of the work speed and rhythm of an employee may be 

considered as an invasion of privacy (Shepard, 2000). Such ethical issues concerning 

the data collection method have been addressed during meetings with management 

and union representatives of the host company. An agreement has been reached which 

allows HPV data collection to be carried out under the condition that no records are 

collected which enable the identification of individual workers. In addition, a 

confidentiality agreement has been signed which states the exact nature and 

application of the HPV data and identifies the university as the sole owners of the 

results obtained. Further discussion of these ethical and data protection issuers can be 

found in Fletcher (2004). 

Only one of the operations in each of the ten zones of the line under study has been 

monitored. As the job rotation is not strictly followed by the workers during a shift 
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and the setup of the workers at the beginning of a shift is not known it is not possible 

to relate specific performance back to identifiable individuals. Due to the job rotation, 

by monitoring one task in each of the ten zones the complete workforce active in these 

ten zones has been measured. This form of data collection allows monitoring the 

differences between the ten work teams as well as the differences between the three 

work crews. 

In order to enable monitoring of the activity times at the ten operations on the line 

under study it was necessary to choose suitable equipment. The line assembles car 

engines. These engines are mounted on metal platens and move from one workstation 

to another on powered and free roller track conveyors. The platens stop when they 

reach a pre-stop of a workstation or machine or when they are blocked by other 

queuing engines on the conveyor. Once a machine is free the engine is dragged into 

the machine, the assembly task conducted and the engine is released. In manual 

workstations the worker is in control. Once the assembly task is conducted a button is 

pressed which releases the current engine and moves the next engine waiting in the 

upstream buffer into the workstation. 

Transducers can be used to record the platen movement. Two different types of 

transducers are used in industrial automation: non-contact types and contact types. 

Non-contact transducers generally require an external power source. This is not 

available on the line under study. Passive roller switches are contact transducers that 

do not require an external power source. Such switches have been chosen to act as 

transducers. They have been installed at each of the ten workstations to be monitored. 

Figure 4.4 depicts how a passive roller switch interacts with a platen. 

Digital event loggers are required to record the signals delivered by the passive roller 

switches. They need to conform to the following specification: internally powered 

devices; capable of storing one week’s worth of data; minimum measurement 

resolution of 0.5 seconds; reliable; capable of using passive roller switches as a signal 

input source. The Omni EV4001/8/40K/DS which is supplied by Omni Instruments 

has been identified a system that satisfied all of the requirements. It records each 

change of state of the transducer as an event. Each event is given a label, time and 

date. The data can be transferred to a computer in form of a file containing comma 

separated values (*.csv). Figure 4.5 shows an example log. 
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Figure 4.4: Activity time recording process 

 

Figure 4.5: Activity time data log file sample 

The digital event loggers required for monitoring the ten operations have been tested 

in the laboratory using a programmable logic controller to generate a wide range of 
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artificial time delays. The test showed that all data loggers perform within their stated 

specification. 

No further equipment was required to enable monitoring of the break taking 

behaviour at the ten operations on the line under study. The data concerning the break 

start and break duration of the individual workers can be extracted from the activity 

time data log. The process is explained in Section 4.2.3. 

 

4.2.2 Execution of the Human Performance Variation Data Collection 

The field experiment was executed over a three month period from August 2002 to 

October 2002. It was conducted in conjunction with other members of the research 

group. The automated monitoring equipment allowed the data collection to be carried 

out for 24 hours per day during five days per week, generating approximately 150,000 

data points for each operation monitored. An activity time data log file as described in 

Section 4.2.1 was downloaded on a weekly basis from the digital event loggers. 

In addition to the activity time performance data, information was also collected about 

a number of contextual factors, such as machine breakdowns, part shortages and 

quality problems. The collection of these data is described in Section 5.2.1. 

Furthermore, data about a number of potential HPV contributory factors have been 

gathered by other research group members. The factors relate HPV to the individual 

attitudes and demographics of the workers (Fletcher et al., 2003), the physical 

environment (Mason et al., 2002) and the organisational environment (Hadfield et al., 

2002). 

Exploratory studies should be used to assess the characteristics of data, prior to any 

analysis (Tukey, 1977). The initial examination of the activity time data in form of 

time series plots revealed a number of interesting characteristics. Figure 4.6 shows an 

example of such a time series plot for a manual workstation during an eight hour shift. 

Each data point represents the activity time performance of an individual worker, and 

each cluster represents different operatives (as a result of the job rotation policy) at 

the work station. The graph shows that activity time varies significantly for the same 

worker when conducting a task several times but also for the same task between 

different workers. This observation supports the conclusions of previous studies (see 
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Section 2.6.2). Furthermore, the graph shows that breaks and shift handover take 

significantly longer than scheduled. 

 

Figure 4.6: Activity time variations for a manual workstation during an eight hour shift 

From the collected data it is difficult to judge to what extent the workers are paced by 

the system and what can be regarded as true HPV.  The worker is sometimes paced by 

the dynamic responses of the system, machine breakdowns, blocking, starving, part 

shortages, quality problems and other disturbances (Barroso and Wilson, 1999). It has 

been confirmed by casual observation that such disturbances are present at the host 

system. Some consideration to this fact is given in Section 4.2.3 which discusses the 

data processing, Section 4.3.2 which discusses the developed models and Section 9.2 

which discusses the limitations of the research. 

 

4.2.3 Processing of the Human Performance Variation Data 

The next step in the process of developing the HPV models is the processing of the 

collected data. This has been done using Excel 2000 (Microsoft, 2003), Access 2000 

(Microsoft, 2003) and SPSS v11.0. (SPSS Inc., 2003) The stages involved in the 
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processing of the data are identified in Figure 4.7 and briefly described in the 

remainder of this section. A detailed description can be found in Hadfield (2003). 

 

Figure 4.7: Data processing flowchart (Hadfield, 2003) 

Stage 1 of the data processing process was concerned with the transfer of the activity 

time data from the digital event logger to the computer. As stated in Section 4.2.2 the 

data have been collected on a weekly basis in form of a comma separated value file. 

This file format can be imported into Excel 2000.  

Stage 2 of the data processing was concerned with deriving activity times from the 

data log files which contain only the records of transducer state changes combined 

with timestamps. This information allowed the calculation of the duration at which a 

platen was stationary at a workstation under observation (activity time) and the 

duration during which the next platen in the sequence travelled to the workstation 

under observation (gap time). The resulting data were stored in an Access database. 

Stage 3 of the data processing was concerned with the organisation of the data. First, 

data were transferred from spreadsheets to a relational database. Relational databases 

are a powerful way to organise and interrogate the data in large data sets (Carter, 
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2002). In order to be able to extract the data required for the design of HPV models 

that are related to specific shifts and work crews these have been identified in the 

dataset. Furthermore, planned breaks have been identified. This allows filtering values 

that fall in these non-working periods. 

Stage 4 of the data processing was concerned with the data smoothing. This has been 

conducted in two steps. In a first step truncation limits have been identified in order to 

eliminate extreme values that do not represent activity times, for example caused by 

measure equipment faults or machine breakdowns. In a second step extreme values 

within these limits have been identified which are likely to have been caused by 

system disturbances. 

For any given task there will be a minimum task time below which it is impossible to 

complete the task with an appropriate level of quality and stamina (Conrad, 1954). In 

theory there is no upper limit, in practice however the controls of the system, 

management and peer pressure ensure that a task is completed in a reasonable time 

(Baines et al., 2003a). 

The minimum task time has been identified as the time it takes for a platen to pass 

through the work station, which is five seconds. Observation of the system during the 

execution of the experiment showed that at some workstations workers move along 

the line, working on the engines before they arrive at the work station. This allows the 

workers to prepare a batch of engines on the assembly track prior to the workstation, 

releasing the batch and as a consequence achieving a substantial rest period. Times 

below this natural limit are considered physically impossible and it is assumed that 

these are either caused by technical faults, spurious signals from the environment or 

workers tampering with the measuring equipment. Therefore, all values below the 

minimum task times do not represent activity times while the minimum task time 

represents an activity time that is linked to other activity times. 

The upper limit has been set to 300 seconds, taking into account the short average 

work standard time (22 seconds) of the system. Although this is an arbitrary limit it 

can probably be assumed that any activity times over this are due to external 

disturbances rather than HPV. 
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After identifying the truncation limits the goal was to remove as many extreme 

activity times as possible which are likely to have been caused by system 

disturbances, while retaining as many as possible which are due to HPV. This is quite 

an ambiguous process when data collection is automated as only direct observation 

could have supported a clear separation. Several ways have been discussed. It has 

been found most suitable to filter extreme values further by identifying the top five 

percent (outside the 95th percentile) of the remaining activity times for each hour. 

This procedure removes the more extreme activities within each hour, without losing 

information about differences between the hours. 

Stage 5 of the data processing was concerned with the separation of the data that have 

been identified in the previous stages. An individual database was produced for each 

class of data: smoothed activity times, breaks, shift handovers, roll-throughs and 

disturbances (gross disturbances, and records identified as outside 95th percentile for 

hour). 

Stage 6 of the data processing was concerned with a second approach for smoothing 

the data. This approach examined sequences of activity times. It retained only those 

values where five or more sequential activities have an overall cycle time which is 

less than the planned line speed + 20%. The cycle time is the sum of the activity time 

and the preceding gap time. The emphasis of this approach was to identify the normal 

running of the system, rather than identifying extreme events and removing them. It 

was much stricter than the 95th percentile method and therefore removed a lot more 

activity time records. Initial tests with the derived data sets showed that this data 

processing method is ignoring too many values, which over a long period of time 

would affect the performance of the system. Therefore, the data set has not been used 

for any further experimentation. 

 

4.3 Human Performance Variation Model Construction and Validation 

In Section 4.1.2 activity time variations and break taking behaviour have been 

identified as key factors to represent HPV. In Section 4.1.3 empirical frequency 

distributions have been identified as the preferred format for the models. This section 

describes the construction and evaluation of these distributions. 
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Section 4.3.1 is concerned with the construction of the required HPV models and of 

some algorithms that allow their integration into DES. Furthermore, the process used 

to verify the developed HPV models is described. Section 4.3.2 discusses some 

observations regarding the form of the HPV models. 

4.3.1 Construction of Human Performance Variation Models 

Section 4.1.3 has identified empirical frequency distributions as the required format 

for the human performance variation models. Section 4.1.4 has defined three different 

categories of distributions to be designed: activity time variation distributions, break 

start variation distributions, and break duration variation distributions. The ‘smoothed 

data’ database and the ‘break’ database described in Section 4.2.3 have been used as 

data sources for the construction of the required distributions. 

For producing the activity time variation distributions a database has been created 

which is capable of producing empirical frequency distributions in a format to be used 

directly by the simulation package (tab delimited text files). Furthermore, it facilitates 

the production of these distributions in the desired resolution (ten different bin sizes1 

available) and separated for different crews or using the mean of all crews. Finally, it 

can be selected to separate only shift and task or to separate day, shift and task. 

This database has been used for some preliminary experiments to decide about the 

required resolution and number of distributions necessary for the main experiments. It 

has been verified that the key characteristics of the distributions are still represented at 

a minimum level of data. By visual inspection it has been found that a bin size of half 

a second and one distribution per crew, shift, and task are detailed enough to reflect 

the characteristics of the workforce. As there are significant differences in the activity 

times between the crews it has been decided not to use the mean value frequency 

distributions for the main experiments. Therefore, for the main experiments 90 

frequency distributions with a bin size of half a second have been produced. Figure 

4.8 shows frequency histograms of the resulting distribution set for three different 

sample operations. A complete set of frequency histograms can be found in Appendix 

A1. The different base colours represent different crews, while the different shades of 

                                                 

1 The term bin size is equivalent to the interval width of the histogram. 
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each base colour represent different shifts. The red line represents the work standard 

time for the operation. The diagrams are discussed further in Section 4.3.2. 

 

 

 

Figure 4.8: Activity time frequency histograms for three sample operations 

All frequency distributions are linked to the work standard value of the operation at 

which their base data has been collected. If they are used for representing activity 

times of operations with different work standard times they need to be adjusted by an 

algorithm within the DES model. Furthermore, an algorithm is required to pick the 
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correct distribution during a simulation run. Each crew at each shift has an individual 

set of distributions. These algorithms, their correct implementation as well as their 

verification are described in detail in Appendix A1 which contains the user guide for 

the human performance variation models. 

Break start and break duration frequency distributions have been directly created from 

the ‘break’ database. Due to the small sample size and due to the irrelevance of the 

task in this instance the frequency distributions have not been split up in separate 

histograms for each crew, day, shift and task. For conformity reasons a bin size of half 

a second has been chosen again. Hence, for the main experiments three frequency 

distributions have been produced representing the start variation for each of the breaks 

during a shift and three representing the variation in duration of each break. In 

addition there is one frequency distribution representing the shift handover start 

variations and one representing the variation of the shift handover duration. Figure 4.9 

shows frequency histograms of the resulting distribution set. The histograms on the 

left represent start variations of breaks and shift handovers while the histograms on 

the right represent duration variations of these. The diagram is discussed further in 

Section 4.3.2. The average variation values are listed in Table 4.3. 

 

Figure 4.9: Break and shift handover start/duration variation histograms 

An algorithm is required to use the frequency distributions within a DES model. This 

algorithm is of particular complexity as the start of a break or shift handover has to be 

defined as time anticipation with regards to a scheduled breaks. The algorithm, its 

correct implementation as well as its verification is described in detail in Appendix 

A1 which contains the user guide for the human performance variation models. 
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Break 1 Break 2 Break 3 Handover
Planned break time [min] 17 30 20 0
Average start variations [min] 4.987215 5.271375 5.053571 7.712452
Average duration variation [min] 7.519524 7.985338 6.731022 12.605614  

Table 4.3: Average break and shift handover start/duration variations 

Finally, to test all HPV models and their implementation algorithms and to ensure that 

each model represents the data on which it is based a series of verification simulation 

experiments have been conducted. For this task a self-mapping test has been used. In 

this test the base data is manipulated through the algorithms to be tested. This is been 

done in a single machine simulation model using values for the algorithm variables 

that are suitable to reproduce the base distribution. The processed values are recorded. 

The simulation is run until the single machine has produced as many parts, as there 

are values in the base distribution. The test is passed successfully if a statistical 

comparison of the base distribution and the production output distribution data 

confirms that they have the same statistics. All HPV models passed the test. 

 

4.3.2 Discussion of Human Performance Variation Models 

The principles on which assembly flow lines are based assume that assembly tasks are 

designed to be as similar as possible in terms of the time required for their execution 

(Baines et al., 2003a). As the activity time data for the empirical frequency 

distributions have all been collected from the same line it would have been assumed 

that the frequency distributions would all have similar values for their statistics. 

Figure 4.7 in Section 4.3.1 disproves this assumption. The distributions for all three 

sample operations show big differences. The distributions for the first operation are 

quite similar between different crews and different shifts although one of the crews 

seems to work generally a bit slower than the other two. The large peak in the low 

value area suggests that the work strategy of ‘batch processing’ described in Section 

4.2.3 could possibly be applied at this workstation. The distributions for the second 

operation are again quite similar between different crews and different shifts. The 

main peak is a lot lower than the work standard time, which suggests that the time 

required for the task has been overestimated. As the second peak occurs for all crews 

in a similar fashion it is assumed that it is caused by system disturbance. This 

disturbance could be a frequently blocked output buffer or frequently starved input 
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buffer caused by an imbalanced assembly flow line. The standard time for this 

operation and the actual activity times are extremely short compared to the other 

operations. The distributions for the second operation differ quite a lot between the 

different crews but not between the different shifts. This suggests that different crews 

use their individual strategies for completing a task. 

As stated in Section 4.2.2 it is always difficult to distinguish between peaks caused by 

the system (blocked/starved conditions) or by the worker (strategic task completion or 

different work styles). It would require intensive direct observation to investigate this 

further. Hence, it had been decided not to exclude any more values from the activity 

time frequency distributions after the smoothing process described in Section 4.2.3. 

Figure 4.8 in Section 4.3.1 represents the break taking behaviour of the workers. 

Three different breaks are considered. It can be seen in the diagrams that for all breaks 

the form and extent of start and duration variation is very similar. The shift handover 

is displaced to the right. 

 

4.4 Chapter Summary 

This chapter has described a structured approach to develop a set of HPV models that 

allow the representation of certain aspects of performance variation for direct workers 

within DES models. Two factors have been considered for the representation: activity 

time variations and break taking behaviour. The data required to design the HPV 

models has been collected via a long-term field experiment, processed and then used 

to create a set of HPV models. The results of the experiment have demonstrated that 

different levels of HPV exist within a typical manual assembly flow line. A number of 

important findings have arisen from the execution of this experiment: 

Finding 4.1: Regarding the random nature of task completion times it has been found 

that significant differences exist between different workers when 

conducting the same task, for the same worker when repeating a task 

and also between different work crews. 

Finding 4.2: Regarding break taking behaviour of workers it has been found that 

significant differences exist between planned breaks and actual breaks; 
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actual breaks are always significantly longer than planned breaks. 

Although the individual values seem to be of random nature the 

magnitude of differences (mean value of duration) is similar for all 

breaks. 

Finding 4.3: The results indicate that the form of the activity time frequency 

distribution is dependent on the nature of the task while the form of the 

break start variation and break duration variation does not depend on the 

break length. Not all of the activity time frequency distributions show 

the attributes described in Section 2.6.2, which have been found by 

Murrel (1962) as being typical for repetitive tasks. 

Finding 4.4: The mean value of the created activity time distributions is in most cases 

significantly faster than the mean value developed by time studies. This 

indicates that workers behave differently than planned and therefore 

current work time studies are not effective. Furthermore, when 

inspecting the developed activity time variation models, the assumption 

of the range within which worker performance varies, that is used by the 

host company (between 80-120% of the standard time), seems to be 

inappropriate. 

In continuation of the preparation of the main experiments in Stage 2 of the research 

programme Chapter 5 describes the development of a test bed for the HPV models. 

This test bed consists of different DES models and enables the investigation of the 

potential impact of HPV modelling on the accuracy of manual assembly line models. 
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CHAPTER 5 
DEVELOPMENT OF A TEST BED FOR HUMAN 

PERFORMANCE VARIATION MODELS 
 

In order to be able to assess the impact of the Human Performance Variation (HPV) 

models developed in Chapter 4 on the accuracy of manufacturing system simulation 

models, a simulation test bed is required. This chapter describes the development of a 

test bed consisting of two modified, enhanced and validated expert simulation models. 

This is part of the first stage of the research programme execution (Figure 5.1). 

Section 5.1 is concerned with the formulation of the test bed characteristics and data 

requirements. Section 5.2 describes the planning and execution of the system data 

collection and outlines the processing of the collected data. Section 5.3 explains the 

construction of the test bed by modification, enhancement and validation of the expert 

simulation models. Finally, Section 5.4 provides a summary of the chapter. 

 

5.1 Test Bed Formulation 

Shannon (1975) complains that many modellers simply start coding a simulation 

model based on the physical system. This can create problems at later stages because 

data requirements may have been overlooked or the simulation model might not 

deliver the information required to serve the objective. Sadowski (1991) advocates the 

separation of the actual simulation modelling process into two stages: formulation and 

construction. This advice has been followed. Hence, this section discusses the test bed 

formulation while Section 5.3 explains the test bed construction. 

Section 5.1.1 discusses the choice of the two expert simulation models that build the 

foundation of the test bed. In addition, it describes the simulation software that has 

been used to develop these models. Section 5.1.2 concentrates on the derivation of 

experimental factors and performance measures required from the simulation model 

in order to enable the assessment of the HPV models. Section 5.1.3 develops a 

conceptual model for each of the simulation experiments (listed in Section 3.3.2). 
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Figure 5.1: Activities carried out in Chapter 5 

5.1.1 Choice of Simulation Base Models and Simulation Software 

For the choice of the simulation base models certain requirements have been stated 

during the research programme formation in Section 3.3.2. There, it was decided to 
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use a sample size of two base simulation models. These had to be simulation models 

typically used during the design or redesign of manufacturing systems. They had to be 

developed by a simulation specialist with experience in modelling manual assembly 

flow lines. It was also required that the manufacturing systems represented in the 

simulation models still exist to allow data collection for modification, enhancement 

and validation of the base simulation models.  

Two simulation models have been chosen that represent similar systems to the one 

used for the field experiment to derive the HPV models. This has been done for 

contextual validity. The models have been provided by the simulation specialist of the 

host company of the field experiment. Furthermore, this specialist has provided 

valuable support and guidance throughout the research project. 

The simulation models both represent manual engine assembly flow lines which can 

be further classified as asynchronous, closed, serial production lines with finite buffer 

space. The simulation models have been used for the design of the manufacturing 

systems they represent. Both systems are located in the UK and are still in operation. 

Access has been granted for information and data collection. The systems show some 

significant differences from each other. This assures that the overall trends observed 

in the simulation models regarding the impact of HPV are not due to the design of an 

individual system. Table 5.1 describes the main differences between the two 

manufacturing systems and consequently the simulation models. 

Manufacturing System 1 Manufacturing System 2
Total manning: 104 Total manning: 119

Production of 3 similar engine types Production of 13 different engine types 
Using most of the workstations for all types Using only a subset of the workstations for each type

Throughput is significantly lower Throughput is significantly higher
Buffer size between the workplaces in general bigger Buffer size between the workplaces in general smaller  

Table 5.1: Main differences between the two manufacturing systems under study 

The choice of Discrete Event Simulation (DES) tools to be used for the research 

project was restricted to that used by the host company, because of the need for 

compatibility with the simulation models provided. Therefore, the DES tool of the 

host company has been used throughout the research project. The received simulation 

models were developed in Witness (Lanner, 2003), which could be described as a 

visual interactive modelling system (Pidd, 1998). These systems enable modellers to 

develop the simulation from a predefined set of objects through a series of menus 
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(Robinson, 2004). Other such systems used for the purpose of manufacturing system 

design include Arena (Rockwell Software, 2003), ProModel (ProModel Solutions, 

2003) and Extend (Imagine That, 2003). A simulation software survey conducted by 

Hlupic (2000) presents Witness as the most popular choice by UK industry for the 

purpose of manufacturing system analysis, being suitable for detailed and complex 

modelling of large manufacturing systems (Hlupic and Paul, 1999; Lee et al., 2000). 

As a default Witness uses the standard way of representing labour as a deterministic 

resource with different skill sets and limited availability (Section 2.6.3). In order to 

overcome deterministic limitations such as the one revealed for the labour element the 

software supports the usage of theoretical or empirical distributions for representing 

variables such as activity time or break down durations. Although using a distribution 

within Witness is relatively simple, effective modelling of such stochastic elements 

requires accurate input distributions. 

 

5.1.2 Preliminary Experimental Design 

Shannon (1998) points out that during the model formulation process it has to be 

decided what data needs to be gathered from the model, in what form, and to what 

extent. This requires the definition of measures of performance, factors to be varied, 

and levels of the factors to be investigated and can be summarised under the umbrella 

of preliminary experimental design. 

There are several common measures of performance to be obtained from a simulation 

study, which can be grouped into different categories. Law and Kelton (1991) propose 

four categories which are listed in Table 5.2 together with their related performance 

measures. Which of these measures are used during a simulation study depends very 

much on the goal of the study and on the simulation package used (Pritsker, 1986). 
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Category Measure
Production rate (throughput)
System capacity (max. throughput)
Time in system for parts (makespan)
Time parts spend in queues
Time parts spend waiting for transport
Time parts spend in transport
Timeliness of deliveries, e.g. proportion of late orders
Utilisation of equipment and personnel, i.e. proportion of time busy 
Proportions of time that a machine is broken, starved, blocked, or 
undergoing preventive maintenance
Proportion of parts that are reworked or scrapped

In-process inventory Sizes of in-process inventories (work-in-process or queue sizes)

Throughput

Ability to meet deadlines

Resource utilisation

 

Table 5.2: Typical measures of performance obtained from a simulation study 

The performance measures that have been chosen for the simulation experiments are 

listed in Table 5.3 together with their format of representation. These performance 

measures conform to the ones used by the host company to measure the effectiveness 

of their system designs during a simulation study. 

Category Measure Format
Total throughput per shift Time series
Total throughput per shift Histogram
Total throughput per shift Mean and standard deviation
Total throughput per shift Minmum and maximum
Utilisation of machines Average
Utilisation of labour Average
Utilisation of buffers Average

Throughput

Resource utilisation

 

Table 5.3: Chosen performance measures 

The next step in the preliminary experimental design is the choice of experimental 

factors. Robinson (1994) explains that experimental factors represent the identified 

methods by which the objectives of the project might be achieved. He then states that 

three decisions have to be made: identification of factors, determination of the range 

of values that the factors are likely to take and the method of data entry for changing 

the factor values. Table 5.4 lists the decisions made for the experimental factors for 

each of the simulation experiments (listed in Section 3.3.2). 

Factors for Experiment 1 Levels Data entry
System representation two systems different model files
Breakdown consideration 2 spreadsheet menu

Factors for Experiment 2 Levels Data entry
System representation two systems different model files
Individual activity time distribution type for each workstation type 1-10 spreadsheet menu
Activity time consideration 2 spreadsheet menu
Break consideration 2 spreadsheet menu  

Table 5.4: Experimental factors for simulation experiments 
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5.1.3 Conceptual Model Design 

To be able to design a simulation model that represents a system in an appropriate 

way a thorough understanding of the system has to be developed first. This can be 

achieved by means of a conceptual model. Law (1991) emphasises that conceptual 

modelling is almost certainly the most important aspect of a simulation modelling 

process. Shannon (1975) claims that effective conceptual modelling might even lead 

to the identification of a suitable solution without the need for any further simulation 

work. 

Robinson (2004) defines a conceptual model as “a non-software specific description 

of the simulation model that is to be developed, describing the objectives, inputs, 

outputs, content, assumptions and simplifications of the model”. When the conceptual 

modelling process is completed, it should be possible to form a list of elements to be 

included and the details required for each. This list is then used as a basis for data 

collection. 

Shannon (1998) offers some guidance, which is important to keep in mind when 

designing the conceptual model. He explains that “the essence of the art of modelling 

is abstraction and simplification” (see Section 2.6.1). During the modelling process a 

small subset of the characteristics of the system under study needs to be identified that 

is sufficient to serve the specific objective of the study. Meanwhile, a balance needs to 

be established between oversimplification and the inclusion of too much detail. 

Conceptual models have been defined for both simulation experiments to ensure that 

the simulation models will be capable of achieving the respective objectives of each 

experiment. There are several ways of representing a conceptual model; among them 

are component lists and process flow diagrams. Both methods have been used as an 

aid to develop an understanding of the systems to be modelled. 

As the systems under study are both existing facilities, previously developed layout 

plans and work standards could be used as the basis for the conceptual modelling. The 

layout plans include the required information about the process flow and the 

components involved in the process. The work standard includes a description of the 

process in terms of tasks and processing times. Table 5.5 shows a sample section of 
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such a work standard. Both documents have been validated through comparison 

between them and through inspection of the represented systems.  

Norm. Total % Norm. Total % Norm. Total %
Min. Min. Eff. Min. Min. Eff. Min. Min. Eff.

xx20 Lift and turn engine through 90 degs AUTO 0.307 AUTO 0.307 AUTO 0.307
xx25 Run down cam carrier bolts to torque and AUTO 0.495 AUTO 0.495 AUTO 0.495

assemble camshaft rear oil seal into rear of 
cylinder head intake 
camshaft radial oil seal

xx30a Fit (2) Guide Pins 0.077 0.077
Assemble Gasket Over Pins 0.076 0.076
Assemble Vac Pump Over Pins 0.113 0.113
Handstart (2) Bolts With Single Spindle Gun 0.130 0.130
Remove (2) Guide Pins 0.027 0.027
Stockhandle 0.010 0.433 68.20% 1 0.010 0.433 68.20% 1

xx30b Handstart Water Outlet Stud 0.100
Run Down stud to Torque 0.150
Assemble (3) Guide Pins 0.150
Assemble Water Outlet Gasket 0.100
Stockhandle 0.010 0.510 80.32% 1

Engine Type 1 Engine Type 2 Engine Type 3
Op Operation Description Men MenMen

 

Table 5.5: Sample section of work standard document 

As a result from the conceptual modelling process Table 5.6 presents the data required 

for the simulation model development, the assumptions to be made during the 

development and the validation data required. As the base simulation models for the 

experiments already exist most of the data is required for validation purposes only. 

Experiment 1 Experiment 2
General details

Automatic 
Operations

Manual Operations standard activity time
standard activity time, activity time 

variations, break time variations
Conveyors

Turntables etc.

Validation data
distribution of daily throughput

mean daily throughput
sub-assemblies are 100% available

shifts, production schedule, physical layout
Category

Model 
data

Assumptions conveyor, turntable and diverter breakdowns are infrequent
length, transfer time, forwarding rule

type, length, transfer time

cycle time, times between failures, repair times

 

Table 5.6: Conceptual models for both experiments 

 

5.2 System Data Collection 

Two expert simulation models are used as a basis for the test bed development. The 

conceptual model in Section 5.1.3 contains the data requirements for modifying, 

enhancing and validating the test bed models. Furthermore, for a comparison between 

simulation models and real system, data about the production per shift has to be 

collected for both real systems. 
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Section 5.2.1 identifies the sources for the data that are required for the enhancement, 

comparison and validation mentioned above. Section 5.2.2 describes the execution of 

the system data collection. Section 5.2.3 is concerned with the processing that was 

required for some of the data collected. 

 

5.2.1 Planning of the System Data Collection 

System data are available in many forms within a manufacturing company. In the host 

company three main sources have been identified for retrieving the system data 

required for the simulation experiment: process planning documentation, production 

planning documentation and production monitoring records. While the first two can 

be gathered directly from production engineers involved in the operation of the 

systems under study, the latter has to be collected over a period of time. Table 5.7 

summarises the main data sources in the host company, including their information 

content. 

Type Source Content

Layout plan
Scale replication of the plant layout showing the position and links of all 
elements as well as the product flow

Work standard
Task break down for each workstation with standard time estimates for 
each task

Shift pattern
Information about shift time composition, identifying work times and 
breaks

Shift table Information about what crew is working in which shift

Order list
Production schedule that lists the different engine models to be 
produced

JPH sheets
Hand written documentation of hourly throughput and complications that 
occurred during each hour

AMS database Computer based documentation of hourly throughput
POSMON data Computer based documentation of disruptions of automated operations
Error sheets Hand written documentation of quality problems.

Production 
Monitoring

Production 
Planning

Process 
Planning

 

Table 5.7: System data sources and their content 

Before the system data collection can be executed it is necessary to match the data 

requirements expressed in the conceptual model with the system data available in the 

host company. Table 5.8 shows the resulting classification. There is one item listed in 

the conceptual model that could not be related to a system data source, namely control 

logic. Therefore, information regarding this item has to be collected directly from the 

process engineers. 
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Requirement Source
Standard times for the operations Work standard

Layout information Layout plan
Control logic data -
Shift information Shift pattern

Production schedules Order list 
Breakdown data POSMON data

Throughput per shift JPH sheets or AMS sheets  

Table 5.8: Linking data requirements to data sources 

 

5.2.2 Execution of the System Data Collection 

The system data collection was executed for both manufacturing systems under study 

over a three month period from August 2002 to October 2002. It was conducted in 

conjunction with other members of the research group. 

Some problems occurred when gathering process planning information required for 

validating and updating both expert simulation models. It was not possible to receive 

up-to-date information regarding the work standards and the layout plans. Although 

the systems under study are changing constantly due to process optimisation the 

documentation is not updated by the process engineers. Additional information 

required to validate and update the simulation models has subsequently been gathered 

during several plant visits. Photos of the lines represented by the simulation models 

have been taken to capture the line layouts and the layout plans have been updated to 

reflect the actual line layouts. Also, the distances between workstations and machines 

(length of conveyor belts) and the size of machines and turntables have been verified. 

The logic of machine and turntable controls has been checked through observation. 

Finally, machine cycle times and conveyor belt speeds have been measured. 

The information regarding the throughput per shift has been gathered from two 

independent sources. The first source is a computer based system called AMS 

(Assembly Monitoring System) which records the throughput at three different points 

along the assembly line. The second source is a manual system consisting of JPH 

(Jobs Per Hour) sheets filled in by each group leader. It is used to record the 

throughput in the relevant zone and to comment about any irregularities that occurred 

during production (e.g. slow feed from sub assemblies). It contains some useful 

contextual information but both systems sometimes deliver slightly different values. 
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Wherever possible the AMS data has been given precedence as this data collection is 

automated. 

 

5.2.3 Processing of the System Data 

Most of the data did not require any processing as it was just collected for validation 

purposes. Data that needed some simple processing were data regarding production 

schedules and throughput per shift. These had to be extracted from the data source and 

converted into list files. The only data that required a more sophisticated processing 

process were the machine breakdown data. 

Information regarding machine breakdowns has been gathered from PosMon 

(Production Operating System Monitoring), a failure monitoring system used by the 

host company. The system is connected to most of the machines in the assembly lines 

and records equipment failure occurrences, causes and durations in an HTML data 

format. The information about all machines monitored is condensed in a single HTML 

output file. 

An initial visual inspection of the received data uncovered that data smoothing would 

be required once the relevant data had been extracted from the HTML output file. The 

PosMon system does not differentiate between productive and non-productive time. 

Furthermore, it records incidents that only take seconds. These are features which are 

not desirable for the breakdown distributions to be developed. 

Stage 1 of the data processing included the extraction of the relevant data from the 

HTML output file. A separate file for each machine was produced. This file included 

information about start and duration of any breakdown that occurred during the period 

of data collection for a specific machine.  

Stage 2 of the data processing was concerned with the removal of extremely short 

values. Engineers responsible for machine maintenance confirmed that many of the 

extreme low values must have been due to technical faults of the PosMon system or 

the sensors operating on the machines. All breakdowns with a duration less than five 

seconds were eliminated. Although this is an arbitrary limit it is assumed that any 

breakdown duration below this value is of no particular relevance to the system flow. 
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Stage 3 of the data processing was concerned with the removal of certain long values. 

Breakdowns that occurred at weekends were eliminated. Furthermore, the duration of 

breakdowns that either started or ended at weekends was shortened so that they would 

always start or end during the week. This was required as usually in a simulation 

experiment only working days are simulated. Both manufacturing systems under 

study follow a five day shift pattern and therefore weekends are omitted in the 

simulation experiment. In addition, breakdowns lasting longer than a full shift were 

eliminated as there was not one shift recorded in JPH sheets and AMS database where 

no engines were produced. 

Stage 4 of the data processing included time-between-failure determination. The time 

between failure of previous and current fault can be calculated from the extracted data 

by subtracting the time when previous equipment fault ended from the time when the 

current equipment fault starts. This is expressed in the following equation: 

t  = t - tBF (n-1, n) BD start (n) BD end (n-1)

where: t  = time between failure of previous and current fault BF (n-1, n)

 t  = time when current equipment fault starts BD start (n) 

 t  = time when previous equipment fault ended BD end (n-1) 

Equation 5.1: Calculation of time between failures for machines 

Two sets of distributions have been compiled from the processed data. These can be 

used within the simulation software as continuous real value distributions to represent 

the varying machine break down durations and the varying times-between-failure for 

the different machines of the systems under study. The resulting distributions all look 

very different. Figure 5.2 and 5.3 show examples for each of the distribution sets.  
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Figure 5.2: Distribution of breakdown duration within a three month period 
for a sample operation 

 

Figure 5.3: Distribution of time-between-failure within a three month period 
for a sample operation 

 

5.3 Test Bed Construction and Validation 

The backbones of the test bed to be constructed are two expert simulation models 

which have been used for the design of the systems they represent. Section 5.1.1 has 

discussed their choice. In order to be suitable to assist the two experiments described 

in Section 3.3.2 they have to be modified, enhanced and validated. This section 

describes the steps undertaken during the construction and validation of the test bed. 

Section 5.3.1 is concerned with the construction. It details the four steps undertaken in 

transferring the base models into a test bed. Furthermore, it explains the naming 

conventions used for the expert simulation models and their adaptations throughout 

the rest of the thesis. Section 5.3.2 gives some thoughts on the validation of the test 

bed. 

81 



 

5.3.1 Construction of Test Bed 

The experiments require expert simulation models as they are commonly used in 

manufacturing systems design. These need to be expanded in order to accommodate 

frequency histograms described in Section 4.3.1 and 5.2.3. The steps that have been 

undertaken to achieve this goal are as follows: 

 

Experiment 1: Assessment of system representation 

• Modifying the chosen expert simulation models to reflect changes to the system 

that have been implemented since the last update of these models and to allow 

automated recording of performance measures. 

• Enhancing the chosen expert simulation models by using frequency histograms 

representing the stochastic nature of machine breakdowns. 

 

Experiment 2: Assessment of human variation consideration 

• Enhancing the chosen expert simulation models further by using frequency 

histograms representing activity time variations. 

• Enhancing the chosen expert simulation models further by using frequency 

histograms representing break start/duration variations. 

 

In a first construction step the process flow and layout of both simulation models have 

been compared with those of the two operating systems. Some modifications had to 

be made to the simulation models as some changes that occurred after the systems had 

been put to use were not reflected in the simulation models. These were for example 

changes for the purpose of system optimisation. Furthermore, some logging systems 

have been implemented into the simulation models that allow the retrieval of the 

performance measures defined in Section 5.1.2. 
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In a second construction step empirical machine breakdown distributions have been 

added. As stated in Section 5.1.1 the expert simulation models chosen were built and 

used at system design stage where there are no empirical data from an operational 

system available. Usually, best guesses and standard distributions that build upon 

previous experience are used by the simulation expert to represent stochastic events. 

Once the production system is in operation data can be collected and plugged into the 

simulation model in form of empirical distributions. Therefore, in this step the now 

available breakdown distributions described in Section 5.2.3 have been plugged into 

the simulation models derived from the first construction step. 

In a third construction step both expert simulation model adaptations from the second 

step have been enhanced with a random choice of activity time variation models 

which have been assigned to each workstation. This random choice is assumed to be 

valid as during the experimental design of the field study care has been taken that the 

HPV is collected from workstations with some typical tasks (Section 4.2.1). This 

assumption will be tested in the first part of the second experiment which is described 

in Section 7.2.1. Through a user interface the allocation of the activity time variation 

models could either be kept constant or could be varied for different experimental 

runs, depending on the experiment needs.  

In a fourth construction step models representing the stochastic nature of production 

time losses due to break taking behaviour of workers have been implemented into the 

expert simulation model adaptations developed in the third step. These behaviours 

include the habits of workers to start breaks early and finish breaks late. Furthermore, 

models describing the stochastic nature of production time losses due to delays in shift 

handovers have been added. 

An overview of the expert simulation model adaptations described above and the 

naming conventions that will be used in the thesis from now on are illustrated in 

Figure 5.4. Adding a number to the simulation model’s name indicates which of the 

two manufacturing systems the simulation model represents: 1 for Manufacturing 

System (MS) 1 or 2 for MS 2. 
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Figure 5.4: Naming conventions for the expert simulation models and their adaptations 

 

To finish the construction process of the test bed the modified and enhanced expert 

simulation models have to be verified. The purpose of verification is to guarantee the 

correct behaviour of each element in the model in two respects: that they behave in a 

manner intended by the model code and that their behaviour is representative of the 

real world (Robinson, 1994). It deals with “building the model right” (Balci, 1999). 

The original expert simulation models have been delivered in a verified form. For the 

adaptations a number of specific areas, proposed by Robinson (1994) have been tested 

such as timings, control of elements, control of flows, control of logic and distribution 

sampling. 

 

5.3.2 Validation of Test Bed 

The importance of validation is stressed by many authors such as Shannon (1975), 

Carson (1986), Law and Kelton (1991), Sargent (1994), Balci (1994), Kleijnen (1995) 

and Robinson (1997). The purpose of validation is to guarantee the correct degree of 

accuracy by checking that the overall behaviour of the model is representative of the 

real world (Robinson, 1994). It deals with “building the right model” (Balci, 1999). A 

three step strategy for validating a simulation model is proposed by Law and Kelton 
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(1991): to develop a model with high face validity, to test the assumptions of the 

model empirically and to determine how representative the simulation output data are. 

The original expert simulation models have been delivered in a validated form. Once 

the modifications and enhancements had been made all simulation models were 

inspected for face validity by people knowledgeable about the manufacturing system 

being modelled as well as by manufacturing system simulation experts. To test the 

assumptions of the model empirically a sensitivity analysis is one of the most useful 

tools (Law and Kelton, 1991). Such a sensitivity analysis is conducted in the second 

part of the second experiment and the results are presented in Section 7.2.2. To 

determine how representative the simulation output data are is the subject of the first 

experiment. The results are represented in Section 7.1. Therefore, only face validity 

has been tested at this stage in order to validate the HPV modelling test bed. 

 

 

5.4 Chapter Summary 

This chapter has described the development of a test bed that supports the assessment 

of the impact that HPV has on the accuracy of manufacturing system simulation 

models. Two expert simulation models are used as the keystone for the test bed. These 

have been carefully chosen under consideration of the requirements defined in Section 

3.3.2. Through a series of steps which included the modification and enhancement of 

these simulation models a test bed has been constructed that has the capabilities 

required to conduct all experiments in the second stage of the research programme. 

The last thing that is now required before the experimental execution can commence 

is the final design of the experiments to be executed. This includes their strategic and 

practical planning and is detailed in Chapter 6. 
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CHAPTER 6 
STRATEGIC AND PRACTICAL PLANNING OF EXPERIMENTS 

 

Chapter 4 and 5 have developed the tools required for the successful execution of the 

experiments. Now a structured approach has to be developed that allows an organised 

execution of the experiments by defining its modalities. This is achieved through final 

experimental design. The goal here is to design the simulation experiments in such a 

way that they will yield the desired information and to determine how each of the test 

runs specified in the experimental design is to be executed. This is the last part of the 

first stage of the research programme execution (Figure 6.1). 

Section 6.1 is concerned with the strategic planning of the simulation experiments. It 

determines the experimental conditions. Section 6.2 is concerned with the practical 

planning of the simulation experiments. It delivers the treatment plan for each of the 

experiments. Finally, Section 6.3 provides a summary of the chapter. 

 

6.1 Strategic Planning of Experiments 

Robinson (1999) mentions different ways, in which experimentation can lead to some 

inaccuracies in the results and conclusions drawn from the simulation study. These 

include amongst others ignoring initial transient periods when experimenting with 

steady-state simulations and insufficient run length or replications. These issues are 

addressed in this section together with a reflection on pseudo random numbers. 

Section 6.1.1 briefly explains the usage of pseudo-random numbers in stochastic 

simulation experiments and describes the way in which they are controlled within the 

test bed. All other sections are concerned with the determination of the experimental 

conditions. Section 6.1.2 derives the warm-up period for the two expert simulation 

models while Section 6.1.3 is concerned with the run length of the individual 

simulation runs and Section 6.1.4 estimates the number of replications required. 

 

 

86 



 

Figure 6.1: Activities carried out in Chapter 6 

 

NB: For all simulation runs in this section the most complex simulation models with 

the highest proportion of stochastic elements (SimHV&BT) have been used. It is 
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believed that the values derived for these models are also valid for the other, less 

complex simulation models. 

 

6.1.1 Pseudo-Random Numbers 

All the simulation models within the test bed can be described as stochastic simulation 

models. They consider unpredictable variability by obtaining random inputs from 

pseudo-random numbers, which are then transformed into random variates specified 

by the model. Consequently, they produce random outputs, or samples, which can be 

used to estimate parameters for the system under study. 

Pseudo-random numbers are deterministic sequences of numbers, whose behaviour 

approximates independent and uniform variates (Swain and Farrington, 1994). These 

sequences are produced by pseudo-random number generators and usually the 

sequence used during a simulation run depends on the specification of an initial seed. 

Detailed discussions on random number generators can be found in Brateley et al. 

(1987), Ripley (1987), Law and Kelton (1991) and L’Ecuyer (1994).  

The choice of the seeds depends on the purpose of the simulation run. Different seeds 

have to be used when replicating an experiment and the same seeds should be used 

when comparing alternative configurations. The reuse of the seeds and therefore the 

reuse of the pseudo-random number streams are causing a helpful correlation between 

observations which reduces the noise in the output, and hence allows a more precise 

contrast between the alternative configurations. 

The Discrete Event Simulation (DES) tool Witness 2003 r2 distributed by the Lanner 

Group is used throughout the execution of the simulation experiments. The package is 

equipped with 1000 different pseudo-random number streams generated by Lehmer’s 

multiplicative congruent method (Lanner, 2003). The test bed possesses a front end 

that allows the control of all random number streams used within the simulation 

models. They can either be kept constant, varied randomly or varied using a certain 

pattern, depending on the requirements of the simulation run. 
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6.1.2 Selecting the Warm-Up Period 

The test bed includes simulation models of non-terminating systems and therefore the 

goal is to observe the systems when they run in steady-state conditions. This requires 

the truncation of data recorded during an initial transient period of the simulation 

(Robinson, 1999). The DES tool Witness supports the truncation if the duration of the 

warm-up period is known. 

Different methods have been developed in order to choose an appropriate truncation 

point for the elimination of the warm-up period. An extensive list of these methods 

can be found in Robinson (2002). He states that the most popular methods appear to 

be simple time series inspection and Welch’s method. 

The method proposed by Welch (1983) can be characterised as a graphical method 

using cumulative statistics. It requires the collection of time series data on a key 

output statistic over a series of replications in order to provide a number of samples 

for each data point. The mean values of the key output statistic across the replications 

is calculated followed by the moving average for different window sizes as follows: 
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 where: )w(Yi  = moving average of window size w 

iY  = time series of output data (mean of the replication)  

  w = number of periods in the window 

  i  = period number 

  m  = number of periods in the simulation run 

Equation 6.1: Moving average (Robinson, 2004) 
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The moving averages are plotted as time-series. Using the plot of the smallest window 

for which a flat line is obtained the warm-up period is selected from the point at 

which the time series becomes flat. 

The Welch method was used to determine the required truncation values, using 

throughput per shift as the key output statistic, and ten replications were conducted 

using different sets of pseudo-random number streams. As the warm-up period is an 

attribute of each individual system the truncation values had to be determined 

individually for each of the two sets of simulation models. A run length of five 

working weeks (5 days per week / 3 shifts per day / 8 hours per shift) has been chosen 

for a single simulation run. As both expert simulation models have been previously 

used with a warm-up period of two weeks, a run length of five week should be 

sufficient to allow the identification of the warm-up period. Table 6.1 summarises the 

experimental setup for determining the warm-up period for both expert simulation 

models. 

Experiment ID E0-ms1-wp E0-ms2-wp
Test model(s) SimHV&BT1 SimHV&BT2
Factor(s) to be varied
Level(s) of variation
Warm-up period
Simulation run length
Number of replications 10

none
not applicable
none
5 weeks

 

Table 6.1: Experimental setup for warm-up period determination 

The moving average values have been calculated for different window sizes using the 

resulting throughput per shift values across ten replications from the simulation runs 

as base data. Figure 6.2 shows the time series of MS1 for a window size of five shifts. 

A smooth line could not be established. After some trials with different window sizes 

using a size of 20 shifts produced a time series with a flat line. This is shown in Figure 

6.3. Through visual inspection 26 shifts have been selected as the minimum length for 

the warm-up period of the simulation models representing MS1. 

Similar results have been obtained for MS2. The first flat line has been achieved for a 

window size of 20 shifts. This is shown in Figure 6.4. Through visual inspection 24 

shifts have been selected as the minimum length for the warm-up period of the 

simulation models representing MS2. 
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Figure 6.2: MS1 model; moving average (window size = 5) 
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Figure 6.3: MS1 model; moving average (window size = 20) 
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Figure 6.4: MS2 model; moving average (window size = 20) 

Robinson (1994) states that there are no absolutes when deciding about experimental 

conditions as the methods used only aim to improve the decisions made. As it is better 

for the warm-up period to be too long rather than too short in order to avoid bias from 

the initial transient period it has been decided to use 30 shifts (equivalent to 2 weeks) 

for both expert simulation models. This is the same value that has been used 

previously by the simulation specialist. 

 

6.1.3 Selecting the Run Length 

As stated in Section 6.1.2 the test bed includes simulation models of non-terminating 

systems. Unlike in terminating systems no critical event occurs that would justify the 

termination of the simulation. Therefore, a decision has to be made for how long to 

run the simulation. Robinson (1994) proposes a graphical approach to decide about 

the length of an individual simulation run. This method has been used for the two 

expert simulation models. 

The method for the run length determination consists of two steps. First a time-series 

of the cumulative mean average of a key result is compared for three replications. The 

aim is to find the point at which continuing the run would not significantly improve 
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the convergence of the lines representing the production per shift. If the simulation 

has been run for long enough the results of the three replications should be similar. In 

a second step the results are approved by looking at the histograms of the resulting 

data for each replication and inspecting their smoothness and the similarity of their 

shapes. 

As the run length for the simulation model is the factor to be determined a large initial 

value has been chosen for the run length of this experiment. This will add confidence 

when it comes to inspecting the convergence of the resulting lines. Table 6.2 lists the 

experimental set-up for determining the run length requirement for both expert 

simulation models. 

Experiment ID E0-ms1-rl E0-ms2-rl
Test model(s) SimHV&BT1 SimHV&BT2
Factor(s) to be varied
Level(s) of variation
Warm-up period
Simulation run length
Number of replications 3

none
not applicable
2 weeks
27 weeks (2 weeks warm-up + 25 weeks test run)

 

Table 6.2: Experimental set-up for run length determination 

Figure 6.5 shows the cumulative mean average of production per shift plotted against 

the shifts for the simulation model of MS1, ignoring the warm-up period. It can be 

seen in this time series that after 150 shifts adequate convergence is attained and 

continuing the run would not significantly improve the convergence. Figure 6.6 shows 

the histograms of the production per shift over 150 shifts for each of the replications. 

The histograms all appear smoothly distributed and the shapes of the histograms are 

similar. This supports the decision that, once the system has passed the transient state, 

a run length of 150 shifts is sufficient to give adequate confidence in the results. 

Similar observations have been made for MS2. Here the chosen value from the time 

series plot in Figure 6.7 is 145 shifts and the histograms displayed in Figure 6.8 all 

appear smoothly distributed with a similar shape. This supports the decision that, once 

the system has passed the transient state, a run length of 145 shifts is sufficient to give 

adequate confidence in the results. 
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Figure 6.5: MS1 model; run length determination (warm-up period truncated) 
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Figure 6.6: MS1 model; production per shift histograms (considering 150 shifts) 
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Figure 6.7: MS2 model; run length determination (warm-up period truncated) 
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Figure 6.8: MS2 model; production per shift histograms (considering 145 shifts) 

As it is better for the run length to be too long rather than too short it has been decided 

to use a run length of 150 shifts (equivalent to 10 weeks) for both simulation models. 

Combined with the warm-up period of 30 shifts this adds up to an overall simulation 

run length of 180 shifts (equivalent to 12 weeks). 
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6.1.4 Selecting the Number of Replications 

The result from a single run of a stochastic simulation is only a single observation on 

the governing output distribution which might accidentally contain an unusual value 

(Kelton, 1994). Therefore, multiple replications of a simulation run are required, using 

different random number streams, in order to obtain a better estimate of mean 

performance (Robinson, 2004). The number of replications depends on the required 

accuracy of the results. 

Confidence intervals can be used to estimate the degree of accuracy obtained by a 

certain number of replications. These intervals consist of an upper and lower limit 

within which the true value of the result is expected to lie. The probability of this 

expectation to be true is specified by the level of significance. 

Robinson (2004) states that a significance level of 5% is commonly used. Using this 

level would result in a 95% probability that the value of the true mean lies within the 

confidence interval. The true mean would be obtained if the simulation would be 

executed for an infinite period. The confidence interval is calculated in the following 

way: 

1n

)XX(
sd

n
sdtXCI

n

1i

2
i

2/,1n
−

−

=∧±=
∑
=α−  

where:  = confidence interval CI

X  = mean of the output data from the replications  

  = value from Student’s t-distribution for n-1 and a significance level 2/,1nt α−

                                of 2/α

  = standard deviation of the output data from the replication sd

  = number of replications n

  = the result from replication i iX

Equation 6.2: Confidence interval (Robinson, 2004) 
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The narrowness of the interval which can be used as an estimate of accuracy can be 

described by the percentage deviation of the confidence interval on either side of the 

cumulative mean of the output data. The number of replications can be selected at the 

point where it reaches and remains below the desired level of deviation. 

In order to determine the number of replications for the simulation experiments the 

target has been set to get a confidence interval within ± 5% of the cumulative mean 

throughput per shift for a significance level of 5%. Law and Kelton (1991) stress the 

importance that the data used for determining the confidence interval has to be 

derived from independent simulation runs. This advice has been considered in the 

experimental design. Rather than using batch means from a single long run individual 

independent replications have been conducted. Table 6.3 lists the experimental set-up 

for determining the number of replications for both expert simulation models. 

Experiment ID E0-ms1-nr E0-ms2-nr
Test model(s) SimHV&BT1 SimHV&BT2
Factor(s) to be varied
Level(s) of variation
Warm-up period
Simulation run length
Number of replications 10

none
not applicable
2 weeks
12 weeks (2 weeks warm-up + 10 weeks test run)

 

Table 6.3: Experimental set-up for number of replications determination 

Figure 6.9 and 6.10 display the calculated percentage deviation of the confidence 

interval on either side of the cumulative mean for a 95% confidence interval for the 

most complex simulation model adaptations representing MS1 respectively MS2. It 

can be seen from this graph, that for both simulation models an accuracy level of 5% 

demands at least four replications. As the tests for both expert simulation models have 

identified four replications as being convenient it has been decided to conduct four 

replications of each experimental set-up from now on. 
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Figure 6.9: MS1 model; deciding the number of replications 
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Figure 6.10: MS2 model; deciding the number of replications 
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6.2 Practical Planning of Experiments 

Simulation test runs should be executed in an organised way, to provide a structure for 

the experimenter’s learning process (Shannon, 1975). Therefore, some experimental 

conditions have to be defined and a treatment plan has to be developed considering 

good practice of experimental design. The experimental conditions have been defined 

in Section 6.1 and are summarised in Table 6.4. This section develops the treatment 

plans for both experiments to be executed.  

Experimental Condition Value
Warm-up period 30 shifts (2 weeks)
Simulation run length (incl. warm-up period) 180 shifts (12 weeks)
Number of replications 4  

Table 6.4: Summary of experimental conditions 

The first experiment is concerned with assessing the system representation. The factor 

to be varied within the simulation models is the consideration of empirical breakdown 

data. Two levels are available: off and on. Therefore, two different experiment set-ups 

have to be considered for each of the two expert simulation models. Results will be 

compared with the real system performance. Table 6.5 summarises the set-ups for the 

first experiment. For organisational purposes a unique identifier has been assigned to 

each set-up. 

Set-up Factor: empirical breakdown consideration
1 off
2 on  

Table 6.5: Summary of experiment set-ups for Experiment 1 

The second experiment is concerned with assessing HPV consideration. It consists of 

two parts. In the first part of the experiment it is investigated if a task-taxonomy is 

necessary to control the distribution of the human performance variation models 

within the simulation model. The factor to be varied in this part is the task allocation. 

It has been decided to choose three levels for this factor each having a different set of 

random task allocation. Choosing three different task allocations instead of just two 

reduces the chance of accidental convergence of the results (Robinson, 1994). 

Therefore, three different experiment set-ups have to be considered for each of the 

two expert simulation models. Table 6.6 summarises the set-ups for the first part of 

the second experiment. 
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Set-up Factor: task allocation
1 Task allocation list 1
2 Task allocation list 2
2 Task allocation list 3  

Table 6.6: Summary of experiment set-ups for part 1 of Experiment 2 

In the second part of the experiment it is investigated how different representations of 

HPV impact on the behaviour of a manufacturing system simulation model. There are 

two factors to be varied. The first factor modifies the consideration of activity time 

variation. The second factor modifies the consideration of break taking behaviour. 

Both factors have two levels: considering human performance as either being of 

stochastic or deterministic nature. 

In order to study the results upon the model response of changing two or more factors 

usually the most efficient method is to use full factorial design (Shannon, 1975). This 

is also referred to as a 2k factorial design where k denotes the number of experimental 

factors. In a 2k factorial design each factor is set at two levels (denoted + and -). These 

might be the minimum and maximum value of the factor for a quantitative factor or 

two extreme opinions for a qualitative factor (Montgomery, 2001). Once the 

simulation runs have been completed the effect of changing each factor on the result 

can be calculated. Furthermore, the interaction effect that occurs when changing more 

than one factor at the same time can be calculated. 

For this part of the experiment a 22 factorial design has been used. This results in four 

experiments for each expert simulation model. Table 6.7 summarises the set-up for 

the second part of the second experiment. A factorial design matrix that is required to 

calculate the effects mentioned above is presented in Section 7.2.2. 

Set-up Factor: activity time variation Factor: break taking behaviour
1 deterministic deterministic
2 stochastic deterministic
3 deterministic stochastic
4 stochastic stochastic  

Table 6.7: Summary of experiment set-up for part 2 of Experiment 2 
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6.3 Chapter Summary 

This chapter has presented the development of a structured approach that allows an 

organised execution of the experiments. This included strategic planning where the 

experimental conditions have been defined and practical planning where a treatment 

plan has been developed for each of the experiments to be executed in Stage 2 of the 

research programme. 

This concludes Stage 1 of the research programme which has been concerned with 

experiment preparation. Stage 2 is concerned with experiment execution. Chapter 7 

describes the execution and initial analysis of the prepared experiments. 
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CHAPTER 7 
EXPERIMENT EXECUTION AND INDIVIDUAL ANALYSIS 

 

Chapter 4 and 5 have developed the tools required for the successful execution of the 

two experiments to be conducted in order to fulfil the first two objectives of the 

research programme. Chapter 6 has developed a structured approach that allows an 

organised execution of the experiments. It concluded the first stage of the research 

programme. This chapter describes the execution of the planned experiments and the 

initial analysis of their results. This is part of the second stage of the research 

programme execution (Figure 7.1). 

Section 7.1 describes the execution of the first experiment which is conducted in order 

to assess the predictive quality of the expert simulation models embedded in the test 

bed. Section 7.2 describes the execution of the second experiment which is conducted 

in order to assess the impact that representing Human Performance Variation (HPV) 

has on the predictive quality of the expert simulation models embedded in the test 

bed. Finally, Section 7.3 provides a chapter summary. 

 

7.1 Experiment 1: Assessment of System Representation 

The first experiment is concerned with assessing the system representation. It consists 

of quantifying the gap that exists between the performance of the real system and the 

performance predictions of the simulation model used at the system design stage and 

the simulation model used for redesign of the system (Section 5.3.1). 

The factor to be varied in this experiment is the consideration of empirical breakdown 

data (Section 6.2). The factor has two levels: on/off. The results from the simulation 

experiment are compared with the real throughput data collected from both of the 

manufacturing systems that the simulation models represent. Table 7.1 lists the 

experimental set-up. Abbreviations used are explained in Figure 5.4 (Section 5.3.1). 
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Figure 7.1: Activities carried out in Chapter 7 
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Experiment ID E1-ms1-01 E1-ms2-01
Test model(s) SimNrm1 & SimBD1 SimNrm1 & SimBD1
Factor(s) to be varied
Level(s) of variation
Warm-up period
Simulation run length
Number of replications 4

Consideration of empirical breakdown data
on/off
2 weeks
12 weeks (2 weeks warm-up + 10 weeks test run)

 

Table 7.1: Experimental set-up for Experiment 1 

Figure 7.2 shows a bar chart for average production per shift of the real manufacturing 

systems in comparison with the outputs of their corresponding simulation models. To 

provide a benchmark against which the predictive capability of the simulation models 

could be assessed the real system throughput from both manufacturing systems have 

been used to represent the 100% level. 
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Figure 7.2: Average production per shift for MS1, MS2 and models 

It can be seen from the chart that the accuracy of predicting the average production 

per shift of the real system varies considerably. When using SimNrm which represents 

a simulation model at system design stage the throughput of MS1 is overestimated by 

22% while the throughput of MS2 is only overestimated by 5%. Adding empirical 

breakdown data has a similar effect on the output of both simulation models, reducing 

the predicted throughput by 11% for MS1 and 10% for MS2. Therefore, by using 

SimBD which represents a simulation model at system redesign stage the throughput 
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of MS1 is now overestimated by 10% and the throughput of MS2 is now 

underestimated by 5%. 

Bar charts are very convenient for displaying summary information. A display that 

helps to better visualise the distribution of a variable is the box plot (Norusis, 2002). It 

simultaneously displays the median (measure of central tendency), the interquartile 

range (measure of variability), and the smallest and largest values for a group of 

cases. When creating box plots for simulation output analysis, usually averages of 

values calculated across the number of replications are used. It is important that all 

calculated averages for the different systems consider the same number of values, as 

variability decreases with a rise in the number of values used for calculating the 

average. Figure 7.3 shows a box plot of the production per shift from the real system 

and of the predicted production per shift from the simulation models. A grey box 

represents the interquartile range of a distribution while the line inside the grey box 

represents the median. The lines outside the grey box represent the smallest and 

largest values that are within 1.5 box lengths. These are also called whiskers. Finally, 

the circles represent outliers within 1.5 and 3 box lengths while the stars represent 

extreme values more than 3 box length away from the edges of the grey box. 
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MS2: Box plot
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Figure 7.3: SPSS output; production per shift box plots for MS1, MS2 and models 

For the real system output of both systems represented by the simulation models 12 

weeks worth of data are available. As ten weeks worth of data is needed for each 

replication the real system output can only be represented by one replication. 

Therefore, in order to be able to compare real system output with output predictions 

from the simulation models the individual simulation run results rather than the 

averages over the number of replications are represented. 
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The box plots for MS1 and MS2 show no outliers or extreme values to the top. 

Another interesting phenomenon worth mentioning is that adding empirical 

breakdown data urges the median to move up within the interquartile range box for 

both systems which results in a negative skew of the subsequent distributions 

(Norusis, 2002). Table 7.2 shows the descriptive statistics. The differences between 

the results for output from the simulation models relative to the real system are 

presented in Table 7.3. 

MS1: Descriptive Statistics

150 151.00 945.00 717.1067 148.59712
150 669.00 957.00 877.0867 53.48373
150 656.00 962.00 869.9000 59.40745
150 702.00 965.00 873.1200 55.93068
150 703.00 950.00 877.5800 50.38526
150 246.00 958.00 799.5667 161.66306
150 241.00 961.00 795.6333 162.22200
150 52.00 962.00 787.6867 183.79161
150 186.00 965.00 799.9533 159.20218
150

Real system
SimNrm Repl.1
SimNrm Repl.2
SimNrm Repl.3
SimNrm Repl.4
SimBD Repl.1
SimBD Repl.2
SimBD Repl.3
SimBD Repl.4
Valid N (listwise)

N Minimum Maximum Mean Std. Deviation

 
MS2: Descriptive Statistics

150 .00 582.00 454.3200 73.31026
150 241.00 613.00 476.4667 90.07891
150 88.00 641.00 479.6733 91.40026
150 196.00 616.00 476.0200 94.46007
150 148.00 619.00 478.2333 92.56577
150 .00 609.00 439.4467 112.33277
150 .00 580.00 431.1933 110.07531
150 .00 578.00 432.1867 117.59260
150 .00 593.00 426.6467 128.25986
150

Real system
SimNrm Repl.1
SimNrm Repl.2
SimNrm Repl.3
SimNrm Repl.4
SimBD Repl.1
SimBD Repl.2
SimBD Repl.3
SimBD Repl.4
Valid N (listwise)

N Minimum Maximum Mean Std. Deviation

 

Table 7.2: SPSS output; descriptive statistics for MS1, MS2 and models 

MS1 MS2

over-estimates median output over-estimates median output

over-estimates mean output by approx. 22% on 
average

over-estimates mean output by approx. 5% on 
average

distribution less variable than real system distribution more variable than real system

over-estimates median output
over-estimates median output (except second 

replication)
over-estimates mean output by approx. 11% on 

average
under-estimates mean output by approx. 5% 

on average

distribution more variable than real system distribution more variable than real system

SimNrm

SimBD

 

Table 7.3: Differences between simulation models results relative to real system output 
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Summarising the results of the experiments it can be said that the accuracy of 

predicting the average production per shift of the real system varies significantly for 

the two simulation models examined. The addition of empirical breakdown 

distributions has a similar effect on both simulation models’ output predictions. 

Furthermore, regarding the variability of output predictions it has been found that the 

variability differs in all dimensions: between the real systems, between a particular 

real system and its model representation and between the different model types.  

 

7.2 Experiment 2: Assessment of Human Variation Consideration 

The second experiment is concerned with assessing HPV considerations. It consists of 

two parts. The first part of the experiment investigates if results of a manufacturing 

system simulation are changed significantly when tasks are assigned at random, i.e. if 

a task-taxonomy is necessary to control the allocation of the activity time variation 

models within the simulation model. The second part of the experiment investigates 

how different representations of HPV impact on the behaviour of a manufacturing 

system simulation model. 

Section 7.2.1 is concerned with the first part of the second experiment, which assesses 

the task allocation needs. This investigation adds to the credibility to the overall 

experimental set-up for the second part of the experiment. Section 7.2.2 is concerned 

with the second part of the second experiment, which finally assesses HPV. 

 

7.2.1 Experiment 2A: Assessment of Task Allocation Needs 

The first part of the second experiment is concerned with a validity issue related to the 

activity time variation models. It is not clear if a random task allocation in the expert 

simulation models for the defined tasks in the real system has a significant impact on 

the behaviour of the simulation model. In other words, it is important to know if the 

tasks that have been conducted at the workstations where the HPV data has been 

collected have to match the tasks that are conducted at workstations where these 

activity time variation models are used to represent HPV. 
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The conclusions from this part of the experiment will affect the credibility of the 

results of the second part of the experiment, where activity time frequency 

distributions have been assigned to workstations randomly. It will also increase 

confidence in the applicability of the activity time variation models to similar 

simulation models, if it can be shown that activity time variation models can be 

assigned by random to a workstation without the need to look at the specific task 

characteristic of that particular workstation. Table 7.4 lists the experimental set-up. 

Abbreviations used are explained in Figure 5.4 (Section 5.3.1). 

Experiment ID E2-ms1-01 E2-ms2-01
Test model(s) SimHV&BT1 SimHV&BT2
Factor(s) to be varied
Level(s) of variation
Warm-up period
Simulation run length
Number of replications 4

task set-up
3 sets of task definitions
2 weeks
12 weeks (2 weeks warm-up + 10 weeks test run)

 

Table 7.4: Experimental set-up for Experiment 2A 

This experiment is a comparison study. Once it has been executed, the three levels (in 

statistics the term groups is more common) need to be compared using statistical 

methods, such as the parametric one-way ANalysis Of Variance (ANOVA), or the 

corresponding non-parametric Kruskal-Wallis test (Norusis, 2002). The goal of 

applying these tests is to find out whether the mean of a variable differs among the 

three groups. The null hypothesis states that the (independent) population means for 

the three groups are the same. In relation to the actual experiment it means that there 

is no difference in the production average per shift over four replications for the three 

different sets of task definitions. 

The analysis strategy for the results of this experiment is presented in Figure 7.4. It 

has been developed by consulting Norusis (2002) and Montgomery et al. (2001). First, 

tests are conducted for all assumptions that ANOVA would require: independence of 

random samples, normal distribution of populations (Kolmogorov-Smirnov test) and 

equality of all population variances (Levene test). If these assumptions are not 

violated one-way ANOVA can be used, otherwise the Kruskal Wallis test has to be 

used. The appropriate test is then conducted to accept or reject the null hypothesis. 
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Figure 7.4: Analysis strategy 

In order to assure independence of the samples taken from each population, all 

simulation runs have to use different pseudo-random number streams and replications 

mean must be the results from individual independent runs and not from a single long 

run (Banks et al., 1996). This has been considered during experiment execution. 

One point that is of importance for ANOVA as well as for the Kruskal-Wallis test is 

the need for the errors (the differences between each value and the group mean) to be 
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independent. The results of both tests only make sense when the scatter is random, i.e. 

that whatever factor caused a value to be too high or too low affects only that one 

value (Norusis, 2002). This subject is discussed in Banks et al. (1996) in relation to 

computer simulation. Computer simulation only uses pseudo-random numbers that are 

generated in a mathematical and not truly random fashion. Therefore, the errors are 

not truly independent. This is an accepted limitation for simulation experiments as 

long as the random number generator is chosen carefully so that the ideal properties 

for random numbers of uniform distribution and independence are imitated as closely 

as possible (Banks et al., 1996). 

The experiments were conducted with sets of task set-ups chosen at random and the 

production average over the four replications was calculated. Figure 7.5 shows the 

box plots of the production average per shift over four replications for each task set-

up for the simulation models of MS1 and MS2. 

The box plots show similar medians, whiskers and inter quartile ranges for the three 

different task set-ups of each system. Variability in production average per shift is a 

lot higher in the simulation model of MS1 than it is in the simulation model of MS2. 

In the box plot for MS1 the median is in the centre of the inter quartile ranges which 

indicates a symmetric distribution of the results while in the box plot for MS2 the 

median is in the top section of the inter quartile ranges which indicates a negative 

skewed distribution of the results (Norusis, 2002). The whiskers and outliers indicate 

for both systems a long distribution tail towards smaller values and a short 

distribution tail towards larger values. 

The descriptive statistics listed in Table 7.5 support the result interpretations from the 

box plots. For the simulation model of MS1 the standard deviation and the range of 

the production average per shift are approximately twice as much as for the simulation 

model of MS2. 
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MS1: Box-plot
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MS2: Box plot
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Figure 7.5: SPSS output; production average per shift box plots for models 

MS1: Descriptives

Production average per shift over four replications

150 728.7833 87.02981 7.10595 714.7419 742.8248 501.00 884.25
150 739.0667 91.29584 7.45427 724.3369 753.7964 500.25 899.25
150 741.8717 92.26573 7.53347 726.9854 756.7579 480.75 907.25
450 736.5739 90.20067 4.25210 728.2174 744.9304 480.75 907.25

task set-up A
task set-up B
task set-up C
Total

N Mean Std. Deviation Std. Error Lower Bound Upper Bound

95% Confidence Interval for
Mean

Minimum Maximum

 
MS2: Descriptives

Production average per shift over four replications

150 352.0983 39.12453 3.19450 345.7860 358.4107 261.00 407.50
150 350.2217 41.90069 3.42118 343.4614 356.9820 190.50 417.50
150 350.7533 41.29653 3.37185 344.0905 357.4161 178.75 419.75
450 351.0244 40.70807 1.91900 347.2531 354.7958 178.75 419.75

task set-up A
task set-up B
task set-up C
Total

N Mean Std. Deviation Std. Error Lower Bound Upper Bound

95% Confidence Interval for
Mean

Minimum Maximum

 

Table 7.5: SPSS output; descriptive statistics for models 

To test for homogeneity of population variances the Levene test has been applied 

using SPSS. Table 7.6 lists the result of the test for both simulation models. The 

significance value exceeds 0.05 in both cases, suggesting that the variances for the 

groups are equal and the assumption of homogeneity of the population variances is 

justified. 

MS1: Test of Homogeneity of Variances

Production average per shift over four replications

.200 2 447 .819

Levene
Statistic df1 df2 Sig.

MS2: Test of Homogeneity of Variances

Production average per shift over four replications

.229 2 447 .796

Levene
Statistic df1 df2 Sig.

 

Table 7.6: SPSS output; test of homogeneity of variance for models 
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To test if all populations are normally distributed the Kolmogorov-Smirnov test has 

been applied using SPSS. This test compares an observed cumulative distribution 

function to a theoretical cumulative distribution. For the current analysis the normal 

distribution and a significance level of 5% has been selected. Large significance 

values (> 0.05) indicate that the observed distribution corresponds to the theoretical 

distribution. The results for both simulation models are shown in Table 7.7. 

MS1: One-Sample Kolmogorov-Smirnov Test

150 150 150
728.7833 739.0667 741.8716
87.02982 91.29585 92.26572

.108 .081 .082

.062 .046 .063
-.108 -.081 -.082
1.326 .996 1.010

.059 .274 .260

N
Mean
Std. Deviation

Normal Parameters

Absolute
Positive
Negative

Most Extreme
Differences

Kolmogorov-Smirnov Z
Asymp. Sig. (2-tailed)

task set-up A task set-up B task set-up C

 
MS2: One-Sample Kolmogorov-Smirnov Test

150 150 150
352.0983 350.2217 350.7533
39.12453 41.90070 41.29653

.101 .123 .135

.078 .073 .087
-.101 -.123 -.135
1.232 1.511 1.656

.096 .021 .008

N
Mean
Std. Deviation

Normal Parameters

Absolute
Positive
Negative

Most Extreme
Differences

Kolmogorov-Smirnov Z
Asymp. Sig. (2-tailed)

task set-up A task set-up B task set-up C

 

Table 7.7: SPSS output; test of normality for models 

While the significance values for the simulation model of MS1 all indicate normally 

distributed populations, only the first of the significance values for the simulation 

model of MS2 indicate normally distributed populations. The other two are not 

normal and nonparametric techniques should be employed to further analyse these 

two variables. Therefore, as not all populations are normally distributed it has been 

decided to use the non parametric Kruskal-Wallis test to check the population means 

for equality and accept or reject the null hypothesis. 

For a check of similarity between the group distribution shapes, which is required for 

the Kruskal-Wallis test, the histograms representing production average per shift have 

been plotted for both simulation models. These histograms are displayed in Figure 

7.6. While the first row represents the shapes from the simulation model of MS1 the 

second row represents the shapes from the simulation model of MS2. By visually 

inspecting the histograms it can be said that the histograms of the MS1 simulation 
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model show similarity in their shape. The same is true for the histograms of the MS2 

simulation model. 
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Figure 7.6: SPSS output; production average per shift histograms for models 

Finally the Kruskal-Wallis test has been applied using SPSS. The test statistics for 

both simulation models are shown in Table 7.8. Significance levels below 0.05 

indicate that the group means differ. The significance levels of both simulation 

models are above 0.05 and therefore, the null hypothesis which states that the 

(independent) population means for the three groups are the same can be accepted for 

both simulation models. 

MS1: Kruskal-Wallis Test Statistics
(Grouping variable: task set-up)

2.247
2

.325

Chi-Square
df
Asymp. Sig.

Production average per
shift over four replications

 

MS2: Kruskal-Wallis Test Statistics
(Grouping variable: task set-up)

.196
2

.907

Chi-Square
df
Asymp. Sig.

Production average per
shift over four replications

 

Table 7.8: SPSS output; Kruskal-Wallis test statistics for models 

Summarising the results of this part of the experiment it can be said that the activity 

time variation models can be used in simulation models that represent manufacturing 

systems similar to the one that has provided the HPV data. Furthermore, they can be 

assigned randomly to the workstations as the sequence in which they are assigned has 

no significant impact on the system output for these systems. 
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7.2.2 Experiment 2B: Assessment of Human Variation Representations 

The second part of the second experiment is concerned with assessing HPV 

representations. The factors to be varied in this part of the experiment are the levels 

up to which HPV should be considered. In Section 6.2 the treatment plan for the 

experiment has been outlined. Table 7.9 lists the experimental set-up. Abbreviations 

used are explained in Figure 5.4 (Section 5.3.1). 

Experiment ID E2-ms1-02 E2-ms2-02
Test model(s) SimBD1, SimHV1, SimBT1, 

SimHV&BT1
SimBD2, SimHV2, SimBT2, 
SimHV&BT2

Factor(s) to be varied

Level(s) of variation

Warm-up period
Simulation run length
Number of replications 4

a) Consideration of activity time variation
b) Consideration of break taking behaviour
a) yes/no
b) yes/no
2 weeks
12 weeks (2 weeks warm-up + 10 weeks test run)

 

Table 7.9: Experimental set-up for Experiment 2B 

Figure 7.7 shows a bar chart for average production per shift of all simulation model 

adaptations. To provide a benchmark against which the impact of HPV could be 

assessed the average production per shift of both SimBD models have been used to 

represent the 100% level. The SimBD models do not represent any form of HPV and 

can therefore be used as a benchmark for assessing HPV consideration. 
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Figure 7.7: Average production per shift for models 
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From the chart it can be seen that the impact of HPV on the average throughput 

predictions of the simulation models is different for both manufacturing systems. 

Likewise, the impact of the two different forms of HPV representations is different. 

Just considering activity time variations on its own has no impact on the average 

throughput estimation of MS1 while it reduces the estimation of MS2 by 6%. Just 

considering break taking behaviour on its own has an impact on the average 

throughput estimation of both manufacturing systems. It reduces the estimation of 

MS1 by 6% and the output estimation of MS2 by 12%. The combined impact of both 

forms of HPV consideration is close to the arithmetic sum of the individual impact 

values. 

Figure 7.8 shows a box plot of the predicted production average per shift over four 

replications for all simulation model adaptations of both manufacturing systems. It 

can be seen that for MS1 the level of variation does not change when more stochastic 

elements (sources of variation) are added. This is different for the predictions of MS2. 

Here the level of variation gets lower the more stochastic elements are added. This is 

an unexpected observation in both cases as it is assumed that the level of variation 

would go up if additional stochastic elements were introduced. Although the 

assumption has been confirmed through discussions with colleagues an explanation 

for this phenomenon could not be found. The observations from the box plots also 

correspond to the descriptive statistics shown in Table 7.10. 
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Figure 7.8: SPSS output; production average per shift box plots for models 
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MS1: Descriptive Statistics

150 565.25 938.25 795.7100 91.68619
150 556.75 934.25 793.8433 91.29844
150 495.00 900.75 750.7383 93.58802
150 468.50 879.50 738.8067 92.65295
150

SimBD
SimHV
SimBT
SimHV&BT
Valid N (listwise)

N Minimum Maximum Mean Std. Deviation

 
MS2: Descriptive Statistics

150 220.50 528.25 432.3683 62.17075
150 242.75 486.50 396.8733 49.47550
150 216.75 469.50 381.7750 52.48529
150 231.00 409.00 352.3500 37.56822
150

SimBD
SimHV
SimBT
SimHV&BT
Valid N (listwise)

N Minimum Maximum Mean Std. Deviation

 

Table 7.10: SPSS output; descriptive statistics for models 

2As stated in section 6.2 the experiment has been designed as a 2  factorial design. This 

allows after execution of all possible factor-level combination to get an estimate on 

how each of the two factors considered affects the responses. Furthermore, it can be 

estimated whether the factors interact with each other, i.e. whether the effect of one 

factor depends on the level of the other. The procedure to retrieve these estimates is 

described in Kelton (2000). Table 7.11 displays the design matrix for the two factors: 

activity time variation and break taking behaviour. Here, considering a factor is 

denoted by a ‘+’ sign and ignoring a factor is denoted by a ‘-’ sign. The results 

obtained from the experiments have been entered into the response columns. 

Factor combination Factor 1 Factor 2 Response Response MS1 Response MS2
1 - - R1 100.00% 100.00%
2 + - R2 99.77% 94.42%
3 - + R3 94.35% 88.30%
4 + + R4 92.85% 83.99%  

Table 7.11: Design matrix for the 22 factorial design (including results) 

With the help of this design matrix the effects and interactions can be calculated. 

Table 7.12 shows the required formulae and displays the results of the calculations. 

The main effect of a factor is the average change in the response due to moving the 

factor from one level to another while holding all other factors fixed. A negative main 

effect indicates that, on average, changing the factor from its ‘-’ to its ‘+’ level 

decreases the response by the value of the main effect. A positive resulting effect 

indicates that, on average, changing the factor from its ‘-’ to its ‘+’ level increases the 
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response by the value of the main effect. A resulting effect close to zero indicates that 

the factor has a negligible effect. 

Effect Equation Effect for MS1 Effect for MS2
Main effect for factor 1 on response e1  =(-R1+R2-R3+R4)/2 -0.87% -4.94%
Main effect for factor 2 on response e2  =(-R1-R2+R3+R4)/2 -6.28% -11.07%
Interaction effect between both factors e12=(+R1-R2-R3+R4)/2 -0.63% 0.64%  

Table 7.12: Calculated effects (based on Table 7.11) 

Table 7.12 indicates that each of the two factors can have a significant main effect on 

the key result (average production per shift) of the expert simulation models. The 

effect of the second factor (break taking behaviour) is significantly higher than the 

effect of the first factor (activity time variation) for both manufacturing systems. The 

magnitude of the effects is different for each of the represented manufacturing 

systems, and for MS1, the effect of the first factor is negligible. Furthermore, the table 

indicates that the interaction effect between the factors is negligible. 

Summarising the results of the experiments it can be said that HPV representation has 

an impact on the manufacturing system simulation output. Unfortunately, a general 

value of the magnitude of this impact could not be established. For the two expert 

simulation models that have been studied it has been found that the impact of activity 

time variation representation depends on the system being modelled while the impact 

of break taking behaviour is always present. Broadly speaking it can be said that some 

simulation models are more sensitive to certain forms of HPV representation than 

others. The same phenomenon can be observed for real manufacturing systems where 

HPV affects some forms of system designs more than others (Baudin, 2002). 

 

7.3 Chapter Summary 

This chapter has described the execution of the experiments to fulfil the first two 

objectives and the initial analysis of their results. The first experiment has been 

concerned with quantifying the gap that exists between the performance of the real 

system and the performance predictions of the simulation model used at the system 

design stage and the simulation model used for redesign of the system. The second 

experiment has been split up in two parts. In the first part of the experiment it has 

been investigated if a task-taxonomy is necessary to control the allocation of the 
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activity time variation models within the simulation model. In the second part of the 

experiment it has been investigated how different representations of HPV impact on 

the behaviour of a manufacturing system simulation model. The initial analysis of the 

experimental results produced a number of findings: 

Finding 7.1:  The quality of the predictions regarding the average production per shift 

of the real system varies significantly for the two simulation models 

examined. Therefore, no general value could be established for the 

magnitude of the gap between predicted and real system output. 

Finding 7.2:  The addition of empirical breakdown distributions has a similar effect 

on both simulation models’ output predictions although its impact on 

output variability is different. 

Finding 7.3:  The variability of output predictions differs between the real systems, 

between a particular real system and its model representation and also 

between the different model types. The only similarity that could be 

established is that adding empirical breakdown distributions urges the 

median to move up within the interquartile range box for both systems 

resulting in a negative skew of the subsequent distributions. 

Finding 7.4:  The activity time variation models can be used in simulation models that 

represent manufacturing systems similar to the one that has provided the 

HPV data. They can be assigned randomly to the workstations as the 

sequence in which they are assigned has no significant impact on the 

system output. 

Finding 7.5:  HPV representation has an impact on the manufacturing system 

simulation output. For the two simulation models studied it has been 

found that the impact of activity time variation representation depends 

on the system being modelled while the impact of break taking 

behaviour is always present. Therefore, a general value of the magnitude 

of HPV impact could not be established. 

So far only the impact of HPV on the output of a manufacturing system simulation 

model has been considered. Chapter 8 explores the impact of HPV on the behaviour 
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of manufacturing system simulation models. Hence, it supports the understanding of 

the impact that HPV has on the accuracy of manufacturing system simulation. 

CHAPTER 8 
COLLECTIVE ANALYSIS OF EXPERIMENT RESULTS 

 

Chapter 7 has described the execution of all experiments that have been conducted in 

order to assess system representation capabilities and the impact of different forms of 

Human Performance Variation (HPV) representations. Furthermore, an initial analysis 

of the simulation outputs has been conducted. This chapter includes a collective 

analysis which contrasts the results of the simulation experiments. Here, the purpose 

is to compare the global and local impact of stochastic and empiric representation of 

elements on the behaviour of the manufacturing system simulation models. This is the 

last part of the second stage of the research programme execution (Figure 8.1). 

Section 8.1 is concerned with the global impact of stochastic representations of 

machine breakdowns and HPV on the predictive capability and the behaviour of the 

expert simulation models. Section 8.2 is concerned with the local impact of these 

stochastic representations on the behaviour of manual operations in comparison to 

automated operations. Finally, Section 8.3 provides a summary of the chapter. 

 

8.1 Contrasting Production per Shift 

Two experiments have been conducted in order to determine the average production 

per shift for the expert simulation models and their adaptations (Section 7.1 and 

7.2.2). The first experiment has been an assessment of system representation 

capabilities. Figure 7.2 in Section 7.1 presents a summary of the results regarding the 

average production per shift. The second experiment has been an assessment of HPV 

consideration effects. Figure 7.7 in Section 7.2.2 presents a summary of the results 

from this experiment again regarding the average production per shift. 
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Figure 8.1: Activities carried out in Chapter 8 
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This section demonstrates the global impact of the different stochastic representations 

that have been added to the expert simulation models in two ways: first by comparing 

the average production per shift and then by comparing the individual production per 

shift. The first way is commonly used by system designers to judge the performance 

of a manufacturing system. The second way allows an understanding of performance 

variation of a manufacturing system. This is an important aspect that is ignored by just 

using the average production per shift as a performance indicator (Kelton, 1994). In 

addition it is important that the simulation model reflects the behaviour of the real 

system as well as possible at any time during execution. Therefore the variability of 

the real system should be reflected as close as possible by the simulation model. 

Figure 8.2 summarises the values for the average production per shift of MS1, MS2, 

both expert simulation models and their adaptations. In order to provide a benchmark 

against which the predictive capability of the expert simulation models and their 

adaptations could be assessed the average production per shift from the real systems 

have been used to represent the 100% level. Abbreviations used are explained in 

Figure 5.4 (Section 5.3.1). 
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Figure 8.2: Average production per shift for MS1, MS2 and models 

When inspecting the bar chart it can be seen that the expert simulation models have 

switched their position during model evolution regarding the accuracy of predictions. 
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The expert simulation model for MS1 was quite a bad predictor in the beginning and 

evolved through the enhancement into a good predictor. While SimNrm1 was 22% 

out of range SimHV&BT1 is only 3% out of range. The opposite happened to the 

expert simulation model for MS2. It was quite a good predictor in the beginning and 

evolved through the enhancement into a bad predictor. While SimNrm2 is only 5% 

out of range SimHV&BT2 is 20% out of range. Therefore, no general judgement can 

be made about the impact of stochastic representations by means of empirical data on 

the accuracy of simulation model output predictions. 

In order to study the variability in performance of the real systems and their related 

simulation models frequency distributions have been produced. Figure 8.3 and 8.4 

show these distributions in form of histograms displaying the production per shift 

values for MS1, MS2, both expert simulation models and all their adaptations.  

None of the shapes accurately reflects the variability of the real system. Looking at 

MS1 it can be seen that when investigating the changes that occur from SimNrm to 

SimHV&BT the distribution is flattened and the range is enhanced towards the lower 

end. Looking at MS2 it can be seen that when investigating the changes that occur 

from SimNrm to SimHV&BT the distribution is squeezed vertically and shifted to the 

lower end. Furthermore, visual inspection reveals for MS1 that SimBT reflects most 

closely the nature of the variability of the real system; for MS2 it is SimBD. Finally, 

regarding the mean and standard deviation values for MS1 it is SimHV&BT that is 

closest to the values of MS1. For MS2 the closest to the real system’s mean is SimBD 

while the closest to the standard deviation of the real system is SimHV&BT. 

Concluding this section, it can be asserted that although some of the predictions of the 

simulation models were quite accurate these models do not represent the behaviour of 

the real systems in an appropriate way. This suggests that either factors other than the 

ones considered so far are responsible for the variability of the systems or that the 

factors modelled are still not represented in an appropriate way. This will be discussed 

further in Section 9.2 which debates the limitations of the research. 
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Figure 8.3: Production per shift histograms for MS1 and models 
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Figure 8.4: Production per shift histograms for MS2 and models 
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8.2 Contrasting Busy Times for Manual and Automated Operations 

This section investigates the local impact of the different stochastic elements that have 

been added to the expert simulation models. The proportion of time that an operation 

has been busy during a simulation run has been chosen as an indicator for the impact.  

Figure 8.5 displays the busy time curves for all operations of all simulation models 

representing MS1. Figure 8.6 displays the same thing for MS2. The operations of the 

manufacturing systems have been organised into two groups: manual and automated 

operations. The operations have then been sorted in ascending order of their busy time 

values produced by SimNrm. 

It can be observed that the decrease of busy time between SimNrm, SimBD and 

SimBT follows the same pattern for both manufacturing systems. The busy time curve 

for SimHV shows the impact of each activity time distribution used for the different 

manual operations. When comparing SimBD with SimHV it can be said that for 

SimHV the operations of MS2 are less busy than the operations of MS1. Both, the 

SimHV&BT curve and the SimHV curve have the same shape. The SimHV&BT 

curve values are decreased by the additive component coming from the SimBT curve. 

The key observation that can be made from the two diagrams is that for MS1 the busy 

times of the automated operations are not affected by using activity time distributions 

for the manual operations. This suggests that the activity time variations do not cause 

any additional blocking or other disturbances in the system representation. Therefore, 

the prediction of the production per shift for MS1 is not affected by the representation 

of activity time variations. This is different for MS2. Here, the overall busy times for 

the automated operations is lower when using activity time distributions for manual 

workstations. This suggests that system disturbances like blocking or starving caused 

by the activity time variations affect the throughput of the automated operation and 

consequently reduces the production per shift predicted by the simulation model. The 

observation conforms to the observations from Figure 8.2 in Section 8.1. 
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Figure 8.5: Busy times for all operations of MS1 models 
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Figure 8.6: Busy times for all operations of MS2 models 
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8.3 Chapter Summary 

This chapter has presented a collective analysis of the results obtained from the 

simulation experiments described in Chapter 7. Within this analysis the global impact 

of stochastic and empiric representations of machine breakdowns and HPV on the 

predictive capability and the behaviour of the expert simulation models has been 

investigated. Furthermore, the local impact of these representations on the behaviour 

of manual operations in comparison to automated operations has been investigated. 

The collective analysis of the experiment results produced two key findings: 

Finding 8.1: No general judgement could be made about the impact of stochastic 

representations by means of empirical data on the accuracy of 

simulation model output predictions. This is due to the facts stated in 

Finding 7.1. For one of the expert simulation models the accuracy has 

been highly improved while the other showed a high accuracy in the 

first place which got worse when adding stochastic representations. 

Finding 8.2: The expert simulation models and their adaptations do not represent the 

variability of the real systems in an appropriate way. This suggests that 

either other factors than the ones considered so far are responsible for 

the variability of the systems or that the factors modelled are still not 

represented in an appropriate way. 

This chapter concludes Stage 2 of the research programme. Chapter 9 now concludes 

the thesis. It presents the key findings and conclusions from each of the research 

stages and highlights the contribution to knowledge made by the research. Finally, the 

limitations and concerns are discussed and recommendations are made for future work 

in the research field.  
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CHAPTER 9 
CONCLUSION AND FUTURE WORK 

 

The research programme has been investigating the impact of Human Performance 

Variation (HPV) on the accuracy of manufacturing system simulation models. The 

research aim that was submitted for this thesis (Section 3.2) was: 

‘To investigate the importance of incorporating human performance variation models 

into manufacturing system simulation models and thereby enhance the capabilities for 

simulation experts to represent the behaviour and predict the performance of labour 

intensive manufacturing systems.’ 

The research aim was addressed by the following objectives (Section 3.2): 

1. Investigate the absolute error that ignoring human performance variation within 

manufacturing system simulation models can cause. 

2. Identify the effect that different representations of human performance variation 

have on the output of manufacturing system simulation models. 

 

A two step strategy was developed to satisfy the aim where each step was related to 

one of the two objectives (Section 3.3). The first step consisted of a comparison study. 

Conventional expert simulation models were assessed in order to define the absolute 

error between performance predictions of the expert simulation models and the 

performance of the real systems. The second step comprised a sensitivity analysis. 

Different forms of HPV representation were assessed for their impact on the accuracy 

of the manufacturing simulation models. This chapter summarises the results of the 

research described in this thesis, explains their limitations and proposes issues for 

future research to address. 

Section 9.1 details the conclusions that have been drawn from the research conducted 

and summarises the key findings made throughout the different stages of the research 

programme. In addition, the delivered deliverables are presented. Section 9.2 explains 

the major limitations and concerns of the work that has been conducted. Section 9.3 

suggests the direction for future research, which has arisen from the research 

limitations. Finally, Section 9.4 includes the concluding statement for this thesis. 
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9.1 Summary of Research Results 

This section presents the results that have been contributed to the fulfilment of the 

research aim. The results are mainly of an intellectual nature but also include some 

physical deliverables. 

Section 9.1.1 presents the conclusions which have been drawn from the research 

conducted. Section 9.1.2 summarises the key findings on which these conclusions are 

based. Finally, Section 9.1.3 presents the delivered deliverables from the research 

programme (Section 3.2). 

  

9.1.1 Conclusions 

As stated in the introduction of Chapter 9 the research aim was addressed by two 

objectives. While the first was concerned with assessing the system representation the 

second was concerned with assessing different forms of human performance variation 

considerations. 

With regards to Objective 1 it can be concluded that the absolute error caused by 

ignoring HPV in complex manufacturing system simulation models varies in 

accordance with the logic and layout of the systems being represented. Evidence for 

this conclusion has been presented in Section 7.1. An absolute value of the existing 

error can be established for specific cases but can not be generalised across different 

simulation experiments because of the uniqueness of the simulated systems (Finding 

7.1). 

With regards to Objective 2 it can be concluded that the effect that HPV has on the 

behaviour and output of manufacturing system simulation models depends on the type 

of variation as well as on the logic and layout of the manufacturing system being 

represented. Evidence for this conclusion has been presented in Section 7.2, 8.1 and 

8.2. During the research the effect of two factors has been investigated in detail. These 

were activity time variation and break taking behaviour. Not all tested simulation 

models showed a significant impact of activity time variation representation on the 

accuracy of the simulation model output predictions (Finding 7.5 and 8.1). Therefore, 

it can be said that some simulation models are more sensitive to this form of HPV 
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representation than others. The same phenomenon can be observed for real 

manufacturing systems where HPV affects some forms of system design more than 

others, as stated by Baudin (2002). For break taking behaviour the experiments have 

shown that representation of this worker behaviour has a significant impact on the 

output accuracy all tested simulation models (Finding 7.5). 

As a generalised overall conclusion from the conducted research it can be said that the 

representation of HPV can have a significant impact on the runtime behaviour and 

subsequently on the output of manufacturing system simulation models when a high 

proportion of manual tasks is present. System designers employing simulation as a 

decision support tool when designing complex manufacturing systems have to be 

aware that ignoring variations in human performance in the case of a large number of 

manual tasks can invalidate their simulation results. 

 

9.1.2 Summary of Key Findings 

The conclusions have been derived from findings made throughout the different 

stages of the research programme. These findings which are explained in detail in the 

relevant chapters (4, 7 and 8) are now presented in summary. 

As a first precondition to enable the investigation of the impact of worker 

performance variation (Objective 2) the variability of workers had to be quantified 

and a HPV modelling capability had to be developed. This resulted in a number of 

findings that have to be accounted for in simulation models of human oriented 

manufacturing systems. 

Regarding the random nature of task completion times it has been found that 

significant differences exist between different workers when conducting the same 

task, for the same worker when repeating a task and also between different work 

crews. Regarding break taking behaviour of workers it has been found that significant 

differences exist between planned breaks and actual breaks; actual breaks are always 

significantly longer than planned breaks. Furthermore, the form of the activity time 

frequency distribution is dependent on the nature of the task while the form of the 

break start variation and break duration variation does not depend on the break length. 

Finally, the mean value of the created activity time distributions was in most cases 
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significantly faster than the mean value developed by time studies. This indicates that 

workers behave differently than planned and therefore current work time studies are 

not effective. 

As a second precondition to enable the investigation of the impact of worker 

performance variation (Objective 2) a benchmark had to be defined against which the 

accuracy gains by considering HPV in manufacturing system simulation models could 

be measured (Objective 1). The development of this benchmark itself has led to a 

number of findings. 

The predictive capability of the expert simulation models examined with regards to 

the standard performance measure ‘average throughput per shift’ varied significantly. 

The addition of empirical breakdown distributions had a similar effect on the output 

predictions. Still, no general value could be established for the magnitude of the gap 

between predicted and real system output. 

When finally investigating the impact of HPV on the accuracy of manufacturing 

system simulation models (Objective 2) two different measures of accuracy are of 

interest. The first is a measure of how well the simulation model predicts the average 

output of the system it represents while the second is a measure of how well the 

simulation model represents system variability. Both forms are important in the 

process of gaining credibility for a simulation model which is required before it can 

be used effectively as a decision support tool. The investigation of predictive 

capability and the ability to represent system variations has led to a number of 

findings. 

The representation of HPV has a significant effect on the output of manufacturing 

system simulation models. For the simulation models studied it has been found that 

the impact of activity time variation representation depends on the system being 

modelled while the impact of break taking behaviour is always present. Therefore, a 

general value for the magnitude of the impact of HPV on the output of manufacturing 

system simulation models could not be established. Moreover, no general declaration 

about the impact of HPV on the output prediction accuracy of simulation models 

could be made. This is due to the fact that the accuracy of the chosen expert 

simulation models was very different in the first place. Regarding system variability it 

has been found that variability of system output differs in many dimensions: between 
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the real systems, between a particular real system and its simulation model 

representation and also between the different simulation model adaptations. The 

expert simulation models and their adaptations did not represent the variability of the 

real systems in an appropriate way. This suggests that either other factors than HPV 

are responsible for the increased variability in manual assembly lines or that HPV is 

still not represented in an appropriate way. 

 

9.1.3 Deliverables 

Two deliverables have been identified in Section 3.2. The first deliverable was a set of 

recommendations that supports a system designer in his decision when to consider 

HPV modelling and, if considered, in what form to implement it most efficiently. The 

second deliverable was a suite of plug and play HPV sample models to allow a system 

designer to become familiar with this new form of modelling direct workers.  

In fulfilment of the first deliverable the following advice can be given to system 

designers concerning the representation of HPV within large scale simulation models 

of manufacturing systems with a high proportion of manual tasks: 

• The standard times used for representing task completion times should be replaced 

by distributions representing variations in task completion times. Before data are 

collected for the design of distributions a sensitivity analysis should be conducted 

using the frequency distributions developed in Section 4.3.1 to estimate the effect 

of implementing such distributions. As stated in Section 9.1.2 it is important to 

consider both accuracy of output prediction and accuracy of output variability 

representation during this investigation. When data is collected for the design of 

the distributions it is important to be aware of system influences on the data 

(Section 4.2.2). Precaution has to be taken to minimise these (see Section 9.3 for 

some advice). Design and implementation guidelines for the distributions are 

given in Appendix A1. 

• In absence of real data from the system to be represented two more strategies are 

available. Firstly, the frequency distributions developed in Section 4.3.1 could be 

implemented. Secondly, distributions for repetitive tasks could be designed by 

using the guidelines given by Conrad (1954). He states that typically such 
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distributions are positively skewed and approximately 66% of the values lie below 

the mean cycle time, not to forget that it is common that there are a certain number 

of much longer times (see Section 2.6.2 for more details). 

• It is always advisable to consider break taking behaviour. This could be done by 

representing variations in break start/duration and shift handover start/duration in 

form of frequency distributions. Design and implementation guidelines are given 

in Appendix A1.  

• In the absence of real data from the system to be represented the frequency 

distributions developed in Section 4.3.1 could be used. Furthermore, as breaks in 

comparison to task completions can be regarded as less frequent events even mean 

values could be used. This is based on the assumption that inaccuracies in less 

frequently used data are likely to have a lower impact on the overall model 

accuracy than inaccuracies in more frequently used data (Robinson, 1994). For the 

system investigated during the field study the break taking behaviour could be 

represented by adding a mean value of 7.3 minutes to the planned break times and 

a mean value of 12.6 minutes for the shift handover (Table 4.3). However, it is 

important to keep in mind that break taking behaviour very much depends on the 

company policies and therefore these values might be different in different 

companies. 

In fulfilment of the second deliverable a CD has been created and handed over to the 

host company that includes a suite of plug and play HPV sample models. The sample 

models come with implementation algorithms that make it easy to integrate them into 

DES models. This is supported by a user guide that describes and demonstrates the 

implementation process. A copy of the user guide including a printout of all sample 

models in form of histograms is presented in Appendix A1. 

 

9.2 Limitations and Concerns of the Research 

The research methodology used has some limitations on the one hand due to time 

constraints but also due to the methods chosen for the research, which causes 

concerns about the applicability and generality of the results. This section discusses 

these limitations and concerns. 

133 



 

Limitation 1: General Applicability of Distributions 

It is assumed that the form and magnitude of HPV is amongst others a function of 

task, workforce composition, environment and location. The distributions representing 

HPV have been designed from data of just ten particular tasks performed by one 

particular workforce in a rather constant environment at one particular location. This 

has to be kept in mind when using the distributions provided in connection with other 

manufacturing systems. 

It has been stated in Section 4.3.2 that no generic shape could be identified for the 

HPV distributions. Every task measured produced a different distribution shape. This 

supports the assumption that HPV is task dependent. It would be valuable to repeat 

the study for different tasks but also for the same tasks in different locations and 

therefore for different workforces and environments. The data could then be used to 

establish a relationship between the shape parameters of the Pearson Type IV curve 

and the factors that affect HPV. 

 

Limitation 2: Sample Size of Simulation Models 

Due to consideration stated in Section 3.3.2 the number of expert simulation models 

to be included in the test-bed had to be limited to two models. This did not allow 

deriving all general conclusions demanded by the aim. As the results from the first 

experiments where very different for the two expert simulation models (Finding 7.1) 

no declaration about the accuracy of current system representation could be made 

which in consequence did not allow a declaration of accuracy added through 

enhancing the models (Finding 8.1). 

In order to establish general values the sample size of the simulation models has to be 

increased. It needs to be assured that the simulation models used for the experiments 

are all designed in a similar fashion (level of simplification and abstraction) so that 

changes in performance can be accounted to the system design rather than to technical 

differences between the simulation models. A classification of the simulation models 

would allow expressing more general guidelines. 
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Limitation 3: Independent Representation of Sources of Randomness 

In order to represent uncertain and unscheduled situations Ripley (1987) states that 

researchers have focused on introducing stochastic factors into the representation of 

the resource. But these stochastic factors generate random quantities in the simulation 

run, no matter what the cause of the uncertainty and in what physical state the real 

world elements are (De Souza and Zhao, 1997). Treating all sources of randomness as 

independent without considering interdependencies and state of the system, as done in 

the current approach by just replacing mean values with frequency distributions, does 

overemphasise the chaotic nature of system and workers, and therefore lead to an 

underestimation of system performance. 

De Souza and Zhao (1997) argue that a complete and effective representation of 

dynamic behaviour requires a composite representation of knowledge in various 

forms. For representing dynamic behaviour of workers a combination of rules and 

distributions could be used. The rules would allow a guided choice of stochastic 

values based on the system status, profile and state of the individual worker and the 

work group he is working in. This would still preserve the stochastic nature of the 

individual component while considering interdependencies with other components of 

the system. 

 

9.3 Future Research 

The importance of considering HPV within manufacturing systems simulation models 

has been elucidated in Section 9.1. Concerns about the applicability and generality of 

the results have been expressed in Section 9.2. This section identifies the direction 

that future research should take to support the progress of research in this area. 

Three stages that build on each other have been identified to direct future research. 

The first stage is concerned with collecting an extended set of HPV data under 

improved conditions. The second stage is concerned with an alternative way of 

representing HPV within DES models. Finally, the third stage is concerned with 

exploiting the resulting system from the second stage by designing a management 
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game that allows trainee managers to study consequences of short and long term 

decisions made without interfering with the real system. 

 

Stage 1: Collecting an extended set of HPV data under improved conditions 

As stated in Section 9.2 quantitative and qualitative data are required in order to 

enable a complete and effective representation of dynamic behaviour. To develop 

distributions that better reflect true human performance, an improved experimental 

design for the field experiment described in Chapter 4 is proposed. This improvement 

can be achieved by monitoring not only the workstations but also their input and 

output buffer to enable the identification of blocked and starved conditions. This 

would allow accounting for more system dynamics effects and consequently enable 

building the desired distributions. On the other hand it would allow investigating the 

impact of system states on the behaviour of workers and consequently enable 

designing rules that link certain variations to certain system states. More rules have to 

be designed from observations and collection of qualitative data that describe the 

behaviour of workers as well as their reaction to certain system states like stoppages 

caused by breakdowns and part shortages. 

 

Stage 2: Accomplish a multi-agent approach to represent worker behaviour 

Most manufacturing system simulation models are designed by using event driven 

DES packages (Hlupic and Paul, 1999). The usage of event driven DES makes them 

fast but prevents them from providing components that can react to internal and 

external stimuli in an autonomous way. Multi-Agent Based Simulation (MABS) on 

the other hand supports modelling and implementation of pro-active behaviour which 

is important when simulating humans as they are able to take initiative and act 

without external stimuli. The main disadvantage of MABS is that it is usually time 

driven and therefore a lot slower than event driven DES. 

Taking these facts and the current situation into account it is proposed to use a 

combination of DES and MABS. While the manufacturing system simulation model 

is designed using a DES package the performance information for the workers comes 
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from an external MABS tool. A concept for such a hybrid system is outlined in Figure 

9.1. With the rapid advance in computer technology the slow execution becomes less 

a problem and it should be considered to build the complete manufacturing system 

simulation model as a MABS model. For industrial application this would of course 

require the acceptance of MABS as a mainstream simulation technique which 

currently is not the case. 

 

Figure 9.1: Concept of an integrated human performance modelling approach 

 

Stage 3: Developing a management game – SimFactory Manager 

Business simulation games are quite popular in strategic management courses and are 

usually used alongside cases. These simulation games allow students to experience 

more realistically the role and responsibility of a top decision maker in trying to 

position the organisation in a tough, competitive environment and to promote the 

students’ emotional arousal and involvement. Currently, these simulation games only 

consider consequences of economic nature and are reduced to technical aspects. 
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A similar game could be developed for prospective or actual plant managers using a 

combination of a case based expert system and a plug-in MABS model of a particular 

production line. The case based expert system would allow a more general reasoning 

over political decisions while the MABS would allow simulating and visualising the 

consequences of political decisions on a particular system in a realistic environment. 

Furthermore, the MABS model offers the opportunity to implement the human factor 

into the simulation and consequently the analysis of the decision. 

The mechanism is already used in a simplified form for strategic computer games like 

‘SimCity’ where decisions (central tendencies) and the structure of the system (the 

infrastructure of the city) are taken into account to calculate performance and 

implications for different scenarios. Unfortunately, these games do not consider the 

behaviour of individuals. On the other hand life simulations like ‘The Sims’ consider 

the change of inner values of individuals based on central decisions made. A 

combination of both wrapped into a professional design would be a good example of 

what the plant management game could look like. 

 

9.4 Final Conclusions 

The research has demonstrated the importance of considering HPV within simulation 

models of manufacturing systems with a high proportion of manual tasks. It is now up 

to the system engineers to take this advice onboard and consider it in their design. A 

way has been demonstrated to implement the recommendation made. 

Concluding the thesis, it can be claimed that the research aim has been fulfilled and a 

contribution to knowledge has been made. Furthermore, the thesis has delivered all 

deliverables promised and has finally directed future research. 
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1 Introduction 
 
The aim of this document is to explain the implementation of the Human Performance 
Variation (HPV) models, that are located on the enclosed CD-ROM, into 
manufacturing system simulation models. This document is a deliverable for a PhD 
project (Siebers, 2004). 
  
In order to enable HPV model design a long term data collection exercise was 
conducted to quantify the performance variation of workers in a typical automotive 
manual assembly flow line. The field experiment was executed over a three-month 
period from August 2002 to October 2002. It was conducted in conjunction with other 
members of the Cranfield University based human performance modelling research 
group under management of Dr Tim Baines. The analysis of the collected data 
delivered several sets of frequency histograms that allow the expression of certain 
aspects of HPV in manufacturing system simulation models. 
 
The frequency histograms are in a generic format and could therefore be used in any 
simulation language or package. The implementation described in this document is for 
a specific simulation package called Witness 2003r2 (Lanner, 2003), one of the most 
frequently used packages for manufacturing simulation in the UK. It can be described 
as a visual interactive modelling system. These systems enable users to develop the 
simulation from a predefined set of objects through a series of menus. 
 
Chapter 2 gives some background information about the research. Chapter 3 describes 
the design criteria and naming conventions of the HPV models. Chapter 4 describes 
the implementation procedure for the HPV models. Furthermore, the execution of this 
procedure is shown by two examples. Finally, Chapter 5 lists the known issues that 
need to be considered when using the provided HPV models.  

160 



 

2 Background 
 
Discrete Event Simulation (DES) models allow engineers to understand and predict 
the behaviour of manufacturing systems. A standard way of taking workers into 
account is to model them as resources (Berhardt and Schilling, 1997; Ehrhardt et al., 
1994) not considering any person, organisational or environmental influences. 
However, worker behaviour differs notably between people, tasks and systems. This 
has an impact on the individual processing times and in the end on the output of the 
manufacturing system (Mason and Siebers, 2002). Therefore, there is a need to 
represent HPV, when employing simulation as a decision support tool during the 
manufacturing system design and re-design process, especially in labour intensive 
systems like manual assembly flow lines.  
 
A study to asses the impact of representing worker variation in manufacturing system 
simulation models is currently being conducted (Siebers et al., 2004). For this study 
empirical frequency histograms (EFH), that reflect some aspects of engine assembly 
line worker variations, have been developed together with algorithms that make them 
usable inside simulation models. 
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3 Frequency Histograms 
 
This chapter describes the design criteria and naming conventions of the different sets 
of HPV frequency histograms that have been developed from the field experiment 
data. The sets include frequency histograms describing workers' task completion time 
variations (also called activity time variations), break start/duration variations and 
shift handover start/duration variations. 
 
 
3.1 Activity Time Frequency Histograms 
 
The Activity Time Frequency Histograms (ATFH) that have been designed are 
located in the folder “DST”. Overall, there are 120 histograms and a report file in this 
folder. The report file includes information about the designed ATFH (a histogram 
name key and the histogram mean values). The data for the ATFH has been collected 
at 10 different workstations spread throughout the engine assembly line under 
observation. The line was operating in a 3-shift pattern with 3 different work crews. 
This allowed design of 90 histograms. Another 30 histograms have been designed 
using the average of all crews.  
 
The range of the histogram values is 4 – 300 seconds with a bin size of 0.5 seconds. It 
has been found that the minimum possible activity time (roll through) is about 4 
seconds. As certain work strategies (working ahead down the line) use several roll 
throughs combined with one long activity time it has been decided to include the roll 
through data in the ATFH. Times above 300 seconds have been ignored as they are 
regarded to reflect system disturbance rather than HPV. For the histograms a bin size 
(resolution) of 0.5 seconds has been used. It has been found through experimentation 
that this bin size still gives enough details for representing the characteristic of the 
underlying distribution without carrying the ballast of a huge amount of data. The 
ATFH contain some extra information at the bottom of each file: % loaded, 100 % 
load, number of observations, mean value and the work standard value for the 
measured operation. 
 
The naming conventions are explained in the text “Report.txt” which can be found in 
the folder “DST”. They follow the basic key: mopdst[Workstation]–[Crew]–
[Shift].dst. All histograms are saved in “*.csv” comma delimited format and can 
therefore be easily used inside simulation models. 
 
 
3.2 Break Start Histograms and Break Duration Histograms  
 
Due to the limited amount of data available for these categories (as breaks are non 
frequent events in comparison to task completion events) it has been decided to 
produce only one Break Start Frequency Histogram (BSFH) and one Break Duration 
Frequency Histogram (BDFH) for each of the three breaks during a shift. The BSFH 
and BDFH can be found in the folder “BREAKS”.  
 
The file “BreaksSource.xls” located in the folder “SOURCE” includes all the 
calculations and full range of histograms. For the usage inside simulation models the 
ranges have been truncated. Extreme or unusually large values (which are suspected 
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to be related to breakdowns and line stoppages) have been removed. The BSFH start 
at 0 and end at the last entry with at least 10 observations. It includes the number of 
minutes that the workers start the break too early. The BDFH source data only include 
the data where the break start data have been qualified to be included in the BSFH. 
Again, extreme values have been removed using the same criteria mentioned above. 
The BDFH start one minute below the scheduled break duration and end at the last 
entry with at least 10 observations. It includes the time between the last activity 
measured before a break and the first activity measured after the break. 
 
The names for the histograms follow the basic key: BreakStart[break no].dst (for 
BSFH) and BreakDuration[break no].dst (for BDFH). All histograms are saved in 
“*.csv” comma delimited format and can therefore be easily used inside a simulation 
model. 
 
 
3.3 Handover Start Histogram and Handover Duration Histogram 
 
The Handover Start Frequency Histogram (HSFH) and Handover Duration Frequency 
Histogram (HDFH) have been designed using the same guidelines than used for the 
design of the BSFH and BDFH. For the handover duration the lowest value found in 
the dataset was 5 minutes which forms the lower boundary of the HDFH. 
 
The names for the histograms are as follows: HandoverStart.dst (for HSFH) and 
HandoverDuration.dst (for HDFH). All histograms are saved in “*.csv” comma 
delimited format and can therefore be easily used inside a simulation model. 
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4 Implementation 
 
In this chapter the implementation procedure for the HPV models is described and the 
execution of the procedure is shown by two examples. The demonstration simulation 
models have been developed in Witness. The first of these demonstration simulation 
models is “ActivityTimeDemo-v1.03.mod” (ATD) and demonstrates the usage of 
activity time distributions. The second of these demonstration simulation models is 
“ActivityTimeDemo-Breaks-v1.03.mod” (ATDB) and demonstrates the break taking 
behaviour implementation. Some screenshots of the models can be found in Appendix 
A). Both simulation models use “ActivityTimeDemo-Data.xls” (ATDD) as an 
interface. 
 
The following prefixes are used inside the simulation models: prt for parts, int for 
integer variables, sng for real variables, str for string variables and shf for shifts. 
 
 
4.1 Implementation Procedure 
 
In order to implement the activity time variation models the following procedure is 
recommended (explained by example in Section 4.3): 
 
Step 1: Copy folder “DIST” containing the frequency histograms into simulation 

model folder 
Step 2:  Set up sheet “LineData” in ATDD interface Excel file (see Section 4.2) 
Step 3: Create all necessary elements (variables with the right dimensions) in 

simulation model 
Step 4: Create distributions in simulation model 
Step 5:  Copy code into prtDummy, mop and op (don’t forget to setup intOpNo 
where 
 necessary!) 
Step 6: Initialise variables with data from ATDD interface Excel file 
Step 7: Test implementation 
 
When implementing break taking behaviour models as well the following extended 
procedure is recommended (explained by example in Section 4.4): 
 
Step 1:  Copy folders “DIST” and “BREAKS” that contain the frequency histograms 

into simulation model folder 
Step 2:  Set up sheet “LineData” in ATDD interface Excel file (see Section 4.2) 
Step 3: Create all necessary elements (variables with the right dimensions) in 

simulation model 
Step 4: Create distributions in simulation model 
Step 5:  Insert new operator modules for each manual operation (make sure intOpNo 

is updated in operator[operation].calc; make sure pre-empt labour is set to 1 
and intOpNo is updated in operator[operation].pullop; make sure  
mop[operation] has the correct operation number in 
operator[operation].waitawhile; make sure shift pattern is turned off and 
labour rule is set to operator[operation].operator in related 
mop[operation].op).  
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Step 6:  Copy code into prtDummy, mop, op, and parBreakTiming (don’t forget to 
setup intOpNo where necessary; make sure time is set to relative and restart 
at the end has been ticked in parBreakTiming; make sure to copy the code 
from the ATDB example as intRandomNumberStreams definitions will be 
different) 

Step 7:  Set up parBreakTiming.par file which is located in the “BREAKS” folder 
Step 8:  Initialise variables with data from ATDD interface Excel file 
Step 9:  Initialise break distributions by importing the necessary frequency 

histograms into the simulation model 
Step 10:  Test implementation 
 
 
4.2 ATDD Content (ActivityTimeDemo-Data.xls) 
 
The ATDD spreadsheet includes 3 worksheets: “Initialise”, “DistributionData” and 
“LineData”. All values that are coloured red are read into the simulation models. 
 
The “Initialise” worksheet is used to control the simulation model by setting up the 
following six variables: 
 
• intUseCyleDst: Defines the activity time representation (ATFH or single values) 
• intCrew: Defines which crew to consider (1,2,3, average of all 3, or in rotation) 
• intUseBreakDst: Decides to use BSFH, BDFH, HSFH and HDFH or standard 

break times (only effects the ATDB simulation model) 
• sngConvSpeed: Speed of the conveyors [m/min] 
• sngPlatenLength: Length of the platen [m] which has an effect on buffer sizes 
• sngMovePlaten: Time for platen to move 1 position (PlatenLength/ConvSpeed) 
 
The worksheet also includes a section that defines the current shift breaks. This is 
used for the adaptation of break timing if current shift breaks are different to the ones 
under which the break distribution data have been collected. 
 
The “DistributionData” worksheet contains all the mean values of the ATFH for each 
work station and crew [sec], as well as the average over all 3 crews [sec] and the work 
standard values [sec] for the operations where the ATFH values have been collected. 
This data will be stored in sngMopDstMean inside the simulation models. It also 
includes a section that defines the shift breaks as they were when the break 
distribution data was collected. 
 
The “LineData” worksheet contains all the definitions of the workplaces in a 
sequential order. The first column titled “intOpNo” supports the programming. As the 
data of this worksheet will be stored inside the simulation model in arrays it shows the 
position of a piece of information inside these arrays. No gap rows are allowed on this 
worksheet. The information is needed when updating the code in mop.op, op.op and 
in the ATDB model it is needed in operator.calculate and operator.pullop. The next 
columns include a description of the operation, the work standard cycle time [min] for 
each operation of the line (stored in sngProcessTime), the task type [1-10 for manual 
operations, 0 for automated operations] in comparison with the tasks of the ATFH 
operations (stored in intTaskType) and the base random number streams to be used. 
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The latter 2 are only used in the ATDB model (stored in intRandomStreams). The 
base random number stream values should all be unique. 
 
 
4.3 ATFH Implementation 
 
The ATFH implementation is demonstrated by the 
“ActivityTimeDemo-v1.03.mod”. All components of this 
demonstration model are illustrated in Figure 4.1. 
 
If the HPV models are implemented into an existing 
simulation model the following components might not be 
necessary as they usually already exist in one form or  
another in the simulation model: prtEngine, mop[operation], 
op[operation], intShipped, sngConvSpeed, sngPlatenLength, 
sngProcessTime, shfDay. When creating the variables make 
sure that the arrays intRandomStreams, intTaskType and 
sngProcessTime (if used) have all the same dimensions. 
The array sngOpDstMean has always the dimension (10x5). 
 
prtDummy is responsible for updating the 10 ATFH mopdst 
1 to 10 every hour (only if intUseCycleDst = 1). Depending 
on the settings in the ATDD the ATFH sets might change 
every shift. If intChangeCrew = 1 then also intCrew is 
updated to the next crew name in the loop. The algorithms 
for these actions are defined in prtDummy/ActionOnCreate 
(see also Appendix B for the source code). Important is that 
the prtDummy is set to “Active” with an “InterArrivalTime” 
of 60. Finally prtDummy is pushed to scrap. 
 
prtEngine represents the engines produced, is set to “Active” 
with an “InterArrivalTime” distribution which is “NORMAL 
(0.5,0.1,100)”. This is only for demonstration purposes and is 
of no relevance to the model implementation. 
 
The manual operation module mop[operation] consists of a 
machine and connected to that a conveyor. In the machine’s 
mop[operation].op/ActionOnStart (see also Appendix C for 
the source code) the correct activity time is calculated 
depending on the settings and information from the ATDD 
(stored in mop[operation].sngBusyTime). It is important to 
use the correct intOpNo as defined in the ATDD for this 
operation in order to be able to use the correct values from 
the arrays. 

 
Fig. 4.1 ATD Components 

 
In the first step sngBusyTime is defined as the work standard time of the operation. 
Then, if intUseCycleDst = 1, a value is drawn from the task related ATFH and fit to 
the sngProcessTime of the actual operation, but only if the value is not less then the 
time it takes to pass the workstation (roll through time). 
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The fitting to the sngProcessTime is using the following algorithm (ws = work 
standard): 
 
• sngBusyTime = ws value of operation * task related ATFH random value / task 

related ATFH ws value 
 
This action results in a value drawn from a stretched or shortened ATFH depending 
on how the sngProcessTime relates to the work standard time of the operation where 
the ATFH data has been collected. In case intUseCycleDst = 2 which means that 
distribution mean values should be used the appropriate value (depending on the 
intTaskType and the intCrew setting) is read from the sngMopDstMean array and fit to 
the sngProcessTime of the actual operation, again only if the value is not less then the 
time it takes to pass the workstation (roll through time). 
 
The fitting to the sngProcessTime is using the following algorithm: 
 
• sngBusyTime = ws value of operation * task related ATFH mean value / task 

related ATFH ws value 
 
At the end it is checked again and if the value calculated for sngBusyTime is less then 
the time it takes to pass the workstation (roll through time). Then sngBusyTime is set 
to the value of sngMovePlaten (which equals actually the roll through time). 
 
The operation module op[operation] consists like the mop[operation] module of a 
machine and a conveyor. In the machine’s op[operation].op/ActionOnStart the correct 
activity time is read from the sngProcessTime array depending on the intOpNo. 
Therefore it is important to use the correct intOpNo as defined in the ATDD for this 
operation in order to be able to use the correct values from the arrays. 
 
Some of the variables defined in the simulation model possess some initialisation 
values which are read in from the ATDD spreadsheet (the location of the data they 
read in has to be defined in DetailVariable/Actions/Initialise from the corresponding 
variable): These are:  
 
• intCrew (integer variable) 
• intRandomStreams (integer array) 
• intTaskType (integer array) 
• intUseCyleDst (integer variable) 
• sngConvSpeed (real variable) 
• sngMopDstMean (real array) 
• sngMovePlaten (real variable) 
• sngPlatenLength (real variable) 
• sngProcessTime (real array) 
 
mopdst1 … mopdst10 are real continuous distributions and their content is 
automatically updated at the beginning of each run and then hourly if necessary 
(controlled by prtDummy), therefore they don’t have to be initialised. 
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shfDay represents the shift patterns for the mop[Operation].op and has been introduced 
to be able to compare results with the ATDB simulation model. 
 
 
4.4 BSFH, BDFH, HSFH and HDFH Implementation 
 
BSFH, BDFH, HSFH and HDFH Implementation is demonstrated by the 
“ActivityTimeDemo-Breaks-v1.03.mod”. All components of this demonstration 
model are illustrated in Figure 4.3 on the next page. For the demonstration of the 
break variation and shift handover variation implementation the ATFH demonstration 
model is used as a basis. Only the differences between both models are explained in 
the remainder of this section. 
 
The mop[operation] modules don’t use the shifts (shfDay) any more. The 
op[operation] modules still keep their shift pattern definitions. Therefore 
mop[operation] modules now use the statement “operator[operation].operator“ in 
mop[operation]/LabourRule. 
 
A new module operator[operation] for each manual operation is introduced consisting 
of the following components (see also Figure 4.2): 
 
• break (part element) 
• calculate (machine element) 
• pullop (machine element) 
• waitawhile (machine element) 
• operator (labour element) 
• atrBreakType (attribute) 
• sngBreakAdvance (real variable) 
• sngBreakDuration (real variable) 
• sngWait (real variable) 

 
Figure 4.2 Operator module 

 
A new attribute atrOperator has been added which is used for timing purposes 
explained later. 
 
The array intRandomStreams has been expanded capable of hosting 3 values per 
operation as now independent random number streams are required by 
mop[operation].op, operator[operation].calculate and operator[operation].pullop. The 
format of the array is intRandomStreams(3,x) where x represents the no of operations. 
 
An extra variable intUseBreakDst has been added to enable the usage of either normal 
break start and duration or stochastic break start and duration. This variable possesses 
an initialisation value which is read from the ATDD spreadsheet. 
 
A similar distribution value fitting algorithm as the one explained in the previous 
chapter for sngProcessTime is also necessary for sngBreakAdvance and 
sngBreakDuration. These are components of operator[operation] only if the actual shift 
breaks are different to the ones under which the break distribution data have been 
collected. This algorithm uses two arrays, sngActualBreakDuration and 
sngDstBreakDuration, in which the two sets of break durations are stored. 
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The fitting is using the following algorithms: 
 
• sngBreakAdvance = 60 - actual shift pattern break duration * dstBreakStart 

random value / distribution break duration 
• sngBreakDuration = actual shift pattern break duration * dstBreakDuration 

random value / distribution break duration 
 
The variables sngActualBreakDuration and sngDstBreakDuration possess initialisation 
values which are read from the ATDD spreadsheet. 
 
Some new real continuous distributions have been added. These are: 
dstBreakDuration1 … 3, dstBreakStart1 … 3, dstHandoverDuration and 
dstHandoverStart. Unlike the other distributions the content for these distributions has 
to be imported by using Detail/Import. The source data can be found in the folder 
“BREAKS”. 
 
Finally the part file parBreakTiming has been introduced. This is used in order to 
organise the shift pattern for the mop[operation].ops. It reads definitions from the tab 
delimited file “parBreakTiming.par". This file can also be found in the folder 
“BREAKS”. 
 
The problem with introducing stochastic breaks is that events have to be planned 
before they actually happen. Therefore shift patterns that define the break start / 
durations cannot be used for manual operations any more. 
 
The idea behind the new method is to force an event occurring by delivering a part 
from the part file parBreakTiming 1 hour before a break is scheduled to be happening 
to operator[operation].calculate. A random value is drawn from the appropriate break 
start distribution which contains a collection of values that indicates how much in 
advance operators stop working. This value is then subtracted from the 60 minutes 
still left before the “official” break is due to take place. If the variable intUseBreakDst 
= 2 (use of standard breaks) a break advance of 0 is assumed and therefore the full 
hour is used as the period of time left before the break is due to start. The calculated 
value is stored in operator[operation].sngBreakAdvance which is used as the cycle 
time for this machine.  
 
Then the part is pushed to the machine operator[operation].waitawhile which purpose 
it is to check whether work is currently allocated to the workplace or not. Due to the 
build schedule not all workstations are always “active” as different engine types 
require different workstations. If the workstation is “inactive” the break advance is 
eliminated so that this particular workstation is not blocking the production process. 
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The part is therefore either pushed directly or after the 
break advance period to operator[operation].pullop. Here a 
value for the duration is drawn from the appropriate break 
duration distribution which contains a collection of values 
that indicates how long it takes before the first engine 
after the planned break is produced. The result is stored in 
operator[operation].sngBreakDuration which is used as the 
cycle time for this machine. It is important to tick the pre-
empt labour option and to set the pre-empt level to 1 in 
operator[operation].pullop/LabourRule. The statement 
“operator” then has to be added in the main input field. 
The machine operator[operation].pullop now pulls the 
operator away from the line operation mop[operation].op 
and therefore simulates a break of a variable start / 
duration. 
 
The same procedure described above is used for 
simulating shift hand over variations. 
 
 

Fig. 4.3   ATDB Components 
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5 Known Issues 
 
This chapter discusses known issues that need to be considered when using the HPV 
models. These issues include validation of the implementation algorithms as well as 
some conceptual concerns about the way in which HPV is represented. 
 
 
Tests: 
 
When comparing both demonstration model outputs (while the second model was set 
to use standard breaks) a difference of the system output “engines produced per shift” 
of 0.36% occurred although it should have been exactly the same. This is assumed to 
be due to the way in which machines and conveyors behave when the Witness shift 
patterns are used. These shift patterns are only used by the ATD simulation model but 
not by the ATDB simulation model which defines the shift patterns by code. A 
spreadsheet (“Experiments.xls”) which contains the test results can be found in the 
folder “TESTS”. 
 
A second test using two large scale engine assembly line simulation models with 
101/157 workstations showed significant differences in the way HPV representation 
impacts on the system behaviour and the system output. It is assumed that buffer sizes 
play a vital role in causing these differences. More details and the results of this test 
can be found in the PowerPoint presentation “OR Simulation Workshop 2004(ps).ppt” 
which is located in the folder “TESTS”. 
 
 
Conceptual issues: 
 
Manufacturing systems are highly complex constructs and their behaviour is of 
dynamic and stochastic nature. They consist of extensive interactions between people, 
information, materials and machines, for the purpose of producing a wide variety of 
products. These interactions are interdependent. The way in which HPV 
representation is implemented here into the simulation models does not consider any 
interdependencies events. No rules are used that synchronise the drawing of the 
random numbers. 
 
Examples: 
 
• The roll-throughs described in Section 3.1 are always linked to a long cycle time 

as the first engine of a roll-through series stays in the workplace while the work 
is conducted at the other engines along the line. As each cycle time value is 
drawn at random this behaviour has an impact of the system, which is not 
considered.  

• The behaviour of individual workers is influenced by their colleagues around 
them and also by the state of the system. They might change their pace 
depending on what is happening up-stream and down stream on the production 
line. 

• Break start is decided in the simulation model by drawing random number for 
individual workers but in real life is actually influenced by the work group. If 
one of the workers stops working, the others in his work group will usually stop 
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soon afterward. Humans are “herd-animals”, therefore the values for the break 
start of all work group members should be in the same region. 

 
Adding all this randomness without any co-ordination and synchronisation rules 
might overemphasise HPV and therefore leads to an underestimation of the overall 
system output (Siebers, 2004). 
 
This is not the case for all sources of randomness within a simulation model. Machine 
breakdowns, for example, can be represented independent from other system 
components as their values just dependent on their busy time. These are therefore a lot 
easier to represent. Only the “breakdown durations” and the “times between failures” 
need to be drawn by random from the related distributions. No extra co-ordination or 
synchronisation rules are necessary. 
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Appendix A:  Model Screen shots 
 

 
 

Fig A1   ActivityTimeDemo-v1.03.mod in action 
 
 

 
 

Fig. A2   ActivityTimeDemo-Breaks-v1.03.mod in action 
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Appendix B:  prtDummy/ActionOnCreate Source Code 
 
!*** Initialisation 
IF intInit = 0  
 IF intCrew = 5  
  IF intUseCycleDst = 1  
   intCrew = 1 
  ELSE 
   intCrew = 3 
  ENDIF 
  intChangeCrew = 1 
 ELSE 
  intChangeCrew = 0 
 ENDIF 
 intInit = 1 
ENDIF 
intTimeOfDay = MOD (TIME / 60,24) 
intNewShift = MOD (TIME / (60 * 8),3) + 1 
IF intActualShift <> intNewShift  
 intActualShift = intNewShift 
 IF intUseCycleDst = 1  
  FOR j = 1 TO 10 
   strDstName = "mopdst" + STR (j) 
   strDstFileName = "dst\\mopdst" + STR (j) + "-" + intCrew + "-" + intActualShift + ".dst" 
   SETINFO ("RUN_ACTION READDIST (" + strDstName + ",strDstFileName)") 
  NEXT 
 ENDIF 
 IF intChangeCrew = 1  
  intCrew = MOD (intCrew,3) + 1 
 ENDIF 
ENDIF 
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Appendix C:  mop[operation].op/ActionOnStart Source Code 
 
intOpNo = 1 
!*** sngBusyTime is defined as the workstandard time (option 3) 
sngBusyTime = sngProcessTime (intOpNo) 
!*** a value is drawn from a dst and fit to the sngsngBusyTime if it is not less then the time it takes to pass the 
workstation (option 1) 
IF intUseCycleDst = 1 AND sngBusyTime > sngMovePlaten  
 IF intTaskType (intOpNo) = 1  
  sngBusyTime = sngBusyTime * mopdst1 (intRandomStreams (1,intOpNo)) / sngMopDstMean (1,5) 
 ELSEIF intTaskType (intOpNo) = 2  
  sngBusyTime = sngBusyTime * mopdst2 (intRandomStreams (1,intOpNo)) / sngMopDstMean (2,5) 
 ELSEIF intTaskType (intOpNo) = 3  
  sngBusyTime = sngBusyTime * mopdst3 (intRandomStreams (1,intOpNo)) / sngMopDstMean (3,5) 
 ELSEIF intTaskType (intOpNo) = 4  
  sngBusyTime = sngBusyTime * mopdst4 (intRandomStreams (1,intOpNo)) / sngMopDstMean (4,5) 
 ELSEIF intTaskType (intOpNo) = 5  
  sngBusyTime = sngBusyTime * mopdst5 (intRandomStreams (1,intOpNo)) / sngMopDstMean (5,5) 
 ELSEIF intTaskType (intOpNo) = 6  
  sngBusyTime = sngBusyTime * mopdst6 (intRandomStreams (1,intOpNo)) / sngMopDstMean (6,5) 
 ELSEIF intTaskType (intOpNo) = 7  
  sngBusyTime = sngBusyTime * mopdst7 (intRandomStreams (1,intOpNo)) / sngMopDstMean (7,5) 
 ELSEIF intTaskType (intOpNo) = 8  
  sngBusyTime = sngBusyTime * mopdst8 (intRandomStreams (1,intOpNo)) / sngMopDstMean (8,5) 
 ELSEIF intTaskType (intOpNo) = 9  
  sngBusyTime = sngBusyTime * mopdst9 (intRandomStreams (1,intOpNo)) / sngMopDstMean (9,5) 
 ELSEIF intTaskType (intOpNo) = 10  
  sngBusyTime = sngBusyTime * mopdst10 (intRandomStreams (1,intOpNo)) / sngMopDstMean (10,5) 
 ENDIF 
!*** in case sngBusyTime is smaller than the roll through time it is set as the roll through time 
 IF sngBusyTime < sngMovePlaten  
  sngBusyTime = sngMovePlaten 
 ENDIF 
!*** a value is read from the mean value table (mean value from all crews) and fit to the sngsngBusyTime if it 
is not less then the time it takes to pass the workstation (option 2) 
ELSEIF intUseCycleDst = 2 AND sngBusyTime > sngMovePlaten  
 FOR j = 1 TO 10 
  IF intTaskType (intOpNo) = j  
   sngBusyTime = sngBusyTime * sngMopDstMean (j,intCrew) / sngMopDstMean (j,5) 
  ENDIF 
 NEXT 
!*** in case sngBusyTime is smaller than the roll through time it is set as the roll through time 
 IF sngBusyTime < sngMovePlaten  
  sngBusyTime = sngMovePlaten 
 ENDIF 
ENDIF 
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Appendix D:  parBreakTiming/OutputRule Source Code 
 
IF atrOperator = 500 
 PUSH to operator500.calculate 
ELSEIF atrOperator = 505 
 PUSH to operator505.calculate 
ELSE  
 Wait 
ENDIF 
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Appendix E:  operator[operation].calculate/ActionOnStart Source Code 
 
intOpNo = 1 
IF intUseBreakDst = 1  
 IF atrBreakType = 1  
  sngBreakAdvance = 60 - sngActualBreakDuration (1) * dstBreakStart1 (intRandomStreams (2,intOpNo)) / 
sngDstBreakDuration (1) 
 ELSEIF atrBreakType = 2  
  sngBreakAdvance = 60 - sngActualBreakDuration (2) * dstBreakStart2 (intRandomStreams (2,intOpNo)) / 
sngDstBreakDuration (2) 
 ELSEIF atrBreakType = 3  
  sngBreakAdvance = 60 - sngActualBreakDuration (3) * dstBreakStart3 (intRandomStreams (2,intOpNo)) / 
sngDstBreakDuration (3) 
 ELSEIF atrBreakType = 4  
  sngBreakAdvance = 60 - dstHandoverStart (intRandomStreams (2,intOpNo)) 
 ELSEIF atrBreakType = 5  
  sngBreakAdvance = 60 
 ENDIF 
ELSE 
 sngBreakAdvance = 60 
ENDIF 
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Appendix F:  operator[operation].waitawhile/ActionOnStart Source Code 
 
IF mop500.sngBusyTime <= sngMovePlaten  
 sngWait = 60 - sngBreakAdvance 
ELSE 
 sngWait = 0 
ENDIF 
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Appendix G:  operator[operation].pullop/ActionOnStart Source Code 
 
intOpNo = 1 
IF atrBreakType = 1  
 IF intUseBreakDst = 1 AND sngWait = 0  
  sngBreakDuration = sngActualBreakDuration (1) * dstBreakDuration1 (intRandomStreams (3,intOpNo)) / 
sngDstBreakDuration (1) 
 ELSE 
  sngBreakDuration = sngActualBreakDuration (1) 
 ENDIF 
ELSEIF atrBreakType = 2  
 IF intUseBreakDst = 1 AND sngWait = 0  
  sngBreakDuration = sngActualBreakDuration (2) * dstBreakDuration2 (intRandomStreams (3,intOpNo)) / 
sngDstBreakDuration (2) 
 ELSE 
  sngBreakDuration = sngActualBreakDuration (2) 
 ENDIF 
ELSEIF atrBreakType = 3  
 IF intUseBreakDst = 1 AND sngWait = 0  
  sngBreakDuration = sngActualBreakDuration (3) * dstBreakDuration3 (intRandomStreams (3,intOpNo)) / 
sngDstBreakDuration (3) 
 ELSE 
  sngBreakDuration = sngActualBreakDuration (3) 
 ENDIF 
ELSEIF atrBreakType = 4  
 IF intUseBreakDst = 1 AND sngWait = 0  
  sngBreakDuration = dstHandoverDuration (intRandomStreams (3,intOpNo)) 
 ELSE 
  sngBreakDuration = 0 
 ENDIF 
ELSEIF atrBreakType = 5  
 sngBreakDuration = 0 
ENDIF 
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Appendix H:  parBreakTiming.par file content 
 
! BreakType 1-3=normal breaks, 4=shift handover, 5=extra time for loop 
operator500.break 1 60.00 atrOperator=500 operator500.atrBreakType=1 
operator505.break 1 0.00 atrOperator=505 operator505.atrBreakType=1 
operator500.break 1 120.00 atrOperator=500 operator500.atrBreakType=2 
operator505.break 1 0.00 atrOperator=505 operator505.atrBreakType=2 
operator500.break 1 120.00 atrOperator=500 operator500.atrBreakType=3 
operator505.break 1 0.00 atrOperator=505 operator505.atrBreakType=3 
operator500.break 1 120.00 atrOperator=500 operator500.atrBreakType=4 
operator505.break 1 0.00 atrOperator=505 operator505.atrBreakType=4 
operator500.break 1 60.00 atrOperator=500 operator500.atrBreakType=5 
operator505.break 1 0.00 atrOperator=505 operator505.atrBreakType=5 
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Appendix I:  Frequency Histograms 
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Activity Time Frequency Histogram for Operation 2
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Activity Time Frequency Histogram for Operation 3
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Activity Time Frequency Histogram for Operation 4
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Activity Time Frequency Histogram for Operation 5
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Activity Time Frequency Histogram for Operation 6
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Activity Time Frequency Histogram for Operation 7
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Activity Time Frequency Histogram for Operation 8
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Activity Time Frequency Histogram for Operation 9
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Activity Time Frequency Histogram for Operation 10
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Break and Shift Handover Start Variations
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Break and Shift Handover Duration Variations 
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