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The success of a discrete event simulation project relies heavily on input data quality. In order to achieve 
high quality data a significant amount of time needs to be spent, either due to absence of data or problems 
with defining and extracting existing data from databases. This paper presents a distribution of the time-
consumption for the activities in the input data phase during discrete event simulation projects. The results 
show where efforts need to be focused to reduce time-consumption and improve quality of input data man-
agement. 

Introduction 
The competition between companies in all markets 
has increased considerably during the recent decades 
and it is getting more and more important to optimise 
the efficiency in production [1]. To improve produc-
tivity, some organisations use analysis tools like Dis-
crete Event Simulation (DES) in major change pro-
jects as well as for continuous improvements. How-
ever, the input data needed to analyse the production 
is often not available, or at least, it takes plenty of 
time to collect and prepare the data for further analysis. 

DES is a powerful tool for productivity analysis and 
it is argued that input data management is the most 
crucial and time-consuming step in DES projects [2] 
[3]. The time spent on input data management is 
typically as much as 10-40% of the total time of a 
DES project [4]. This set-back sometimes tempts 
organisations to choose less complex analyses with 
lighter requirements on input data quality. As a result, 
these analyses yield results of poor, or at least, infe-
rior quality.  

Few previous studies have closely mapped the input 
data phase in order to find the reasons for the heavy 
time-consumption [5]. Even fewer studies focus on 
identifying the input data activities which are most 
favourable to improve. The aim of this work is to 
identify the most time-consuming activities in the 
input data phase of DES projects. The results will 
show where to put important efforts in future re-
search, in order to reduce time-consumption and 
increase quality of input data management. Not only 
in simulation projects, but also for projects using 
other production analysis methods.  

1 Input Data Management in Discrete 
Event Simulation  

One always present step in DES projects is the input 
data phase, usually called “Data Collection“; see for 
example the widely applied methodologies described 
in Banks et al. [3], Law and Kelton [6], and Rabe et 
al. [7] (Figure 1). 

These methodologies merely show the input data 
management step as a black box. However, in prac-
tice input data management includes several activities 
such as collection of raw data from various sources, 
transformation of data to information and documenta-
tion. Here, data is referred to as “a set of discrete, 
objective facts about events” [8] (e.g. 1000 repair 
times for a machine). Information on the other hand, 
is slightly simplified defined as “data with meaning” 
[9]. In this case, information can be exemplified by a 
statistical representation of Mean Time To Repair 
(MTTR), which contains both relevance and purpose 
for the receiver (the simulation model). 

In this paper, the input data phase is described in 
more detail than on the black box level. We have 
divided the internal time-consumption within the 
input data phase into separate activities and measured 
the time-consumption for each activity.  

The focus on input data is surprisingly low in previ-
ous scientific contributions within the field of DES. 
Perera and Liyanage [5] is one of few contributions 
that really address the difficulties related to the input 
data management in DES projects. They rank the 
major pitfalls in input data collection as follows: 

1. Poor data availability
2. High level of model details
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3. Difficulty in identifying available data sources 
4. Complexity of the system under investigation 
5. Lack of clear objectives 
6. Limited facilities in simulation software to or-

ganise and manipulate input data 
7. Wrong problem definitions 

There is also lack of publications on systematic 
guidelines to overcome these issues and to reduce 
time-consumption in input data management (one is 
Bernhard and Wenzel [10]). Instead, earlier research 
performed on reduction of time-consumption in input 
data management has primarily focused on the level 
of human involvement in the process. A study made 
by Robertson and Perera [2] describes four alternative 
solutions for managing data for DES models: 

1. Tailor-made solution 
• Data primarily derived from the project team 
• Data manually supplied to the model by the 

model builder 
• Data resides in the simulation tool 

2. Spreadsheet solution 
• Data primarily derived from the project team 
• Data manually supplied to the computer applica-

tion (e.g.  MS Excel spreadsheet) 
• Data automatically read by the model via a com-

puter application 
• Data Resides in the computer application 

3. Off-line database solution 
• Data primarily derived from a Corporate Busi-

ness System (CBS) 
• Data automatically supplied to an off-line data-

base from the CBS 
• Data automatically read by the model 
• Data resides in an intermediary simulation data-

base 

4. On-line database solution 
• Data primarily derived from the CBS 
• Data automatically supplied to the model from 

the CBS 
• Data resides in the CBS 

The same publication states that solution 1 and 2 
were most frequently used in industry, which is most 
likely still a valid statement. However, some research 
work and industrial applications have strived towards 
less human involvement in the input data manage-
ment process.  For example, some years ago the ten-
dency shifted towards integration of systems, in 
which DES is one component that share data and 
information with many other applications within the 
same package. DELMIA from Dassault Systèmes 
[11] and SIEMENS Teamcenter [12] are two exam-
ples of such Product Lifecycle Management (PLM) 
software packages. Moreover, simulations driven by 
an off-line simulation database using input data from 
Enterprise Resource Planning (ERP) systems have 
also been performed [13]. This is one example of the 
contributions towards solution 3 and 4, described above.  

However, the situation remains; Robertson and Perera 
[2] state that: ”It is strongly argued that data collec-
tion is the most crucial and time consuming stage in 
the model building process”. Therefore, this paper 
evaluates if this statement is still valid and shows 
where future efforts should be concentrated. This is 
done by summarising the time-consumption within 
DES projects in general, in the input data phase in 
specific and even more important in the activities of 
the input data phase. 

 
Figure 1. Steps in a simulation study [7]. 
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2 Material and Methods 
The study embraces the analysis of 15 DES projects 
performed between 2000 and 2007. The projects have 
been performed in a wide range of companies with 
regard to line of business, size of organisation and 
previous experience in DES. The plants in which the 
projects were performed are all located in the Nordic 
countries, mainly in Sweden. Both pure industrial 
cases and simulation projects performed in coopera-
tion between industry and academia are included 
among the 15 projects. 
Semi-structured interviews [14] were conducted with 
members from each project in order to define the 
work procedure and activities in the input data phase 
of the projects. The agenda of the interviews was 
focused on the kind of problems, related to input data, 
which arose during the project. Furthermore, an addi-
tional aim with the interviews was to identify key 
factors for rapid and precise input data management, 
from a practitioner’s viewpoint.  
The respondents were also asked to fill in a question-
naire where the time-consumption for the whole pro-
ject as well as for each specific activity in the input 
data phase was specified. Moreover, information 
about availability and sources of input data in the 
projects were gathered in order to detect reasons of 
extensive time-consumption as well as factors for 
successful input data management. All times re-
sponded in the study are given in the unit “man-
days”. One man-day equals to one eight-hour work-
ing-day for one person. For example, if two persons 
have spent two days to carry out a task together, the 
amount of time reported to this study is four man-
days. The respondents were asked to write the time 
given with a resolution by minimum one man-day but 
if they were able to recall in greater detail they were 
allowed to answer in fractions of man-days.  
The authors compiled all collected information in a 
data-sheet and analysed it in order to map the time-
consumption for all activities and to find patterns in 
prerequisites and work procedures, which can reduce 
time-consumption in data management. The findings 
from the questionnaires were then combined with the 
information from the interviews. The results are pre-
sented in Section 4.  

3 Input Data Management Activities 
In the presented analysis of time-consumption, the 
input data process in DES projects is divided into 
nine separate activities. Each activity consists of 

several tasks. The number of tasks and the way to 
execute each task can differ slightly between simula-
tion projects because of differences in prerequisites 
and objectives. However, the work procedures are 
structurally very similar among simulation input data 
phases, and the activities defined below cover the 
process of all studied projects.  

Below, each input data management activity is briefly 
described to enable measurements of the time-
consumption. However, a more thorough description, 
including supportive guidelines, is provided in 
Skoogh and Johansson [15]. 

3.1 Identification of Input Data Parameters 
The identification of required input data parameters 
has earlier been addressed as one of the key activities 
for successful input data management. The process is 
often performed in cooperation with people having 
expert knowledge of the modelled manufacturing 
process. The parameters to include are often depend-
ent on project objectives, on model complexity and 
on level of model detail. Therefore, there is an ongo-
ing interaction between construction of the conceptual 
model and identification of input data parameters [3]. 

3.2 Accuracy Requirement Specification 
It is of great advantage if the project team can fore-
cast each input parameter’s impact on model behav-
iour. If accuracy requirements can be specified for 
each factor, the effort spent on information collection 
can be optimised. Accordingly, more resources and 
time can be assigned to important parameters instead 
of less central ones. As a result of this activity, the 
required number of unique data-points for each pa-
rameter is decided. 

3.3 Mapping of Available Data 
Once the relevant parameters are selected, the project 
team needs to search for and map the input data al-
ready available, without need for manual gathering in 
the real world production system. Such available data 
can generally be found in simple manual systems 
(e.g. spreadsheets with previously performed time 
studies) or in more complex computer based systems 
such as ERP-systems, Manufacturing Execution Sys-
tems (MES) or other databases holding process in-
formation (e.g. time-stamps logged by Programmable 
Logic Controllers (PLCs)). 

However, it is hazardous to instantly rely on the ap-
plicability of information from this kind of systems, 
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without further investigations. Despite that database 
specifications and people with extensive practical 
experience say that data is available, simulation engi-
neers frequently find the data in a crude form or 
measured in a manner that makes it useless for simu-
lation. Consequently, the activity of mapping avail-
able data includes identifying sources, understanding 
the sources and making sure that it will be possible to 
extract required data from the systems.  

3.4 Choice of Gathering Methods 
When the available data has been mapped, a gap 
between required data and available data will be de-
tected in most simulation projects. Hence, some addi-
tions will be necessary. In this activity the project 
team decides which methods to use in order to gather 
missing data from the modelled system. The choice 
will mainly depend on possibilities to measure and on 
the expected accuracy of each parameter according to 
earlier specifications (section 3.2). Examples of gath-
ering methods are time studies, frequency studies and 
interviews. 

3.5 Document Creation 
In order to store all data that will be collected from 
available sources or from real world measurements, a 
document needs to be created. A well-designed 
document helps to structure the data collection proce-
dure. It also gives greater possibilities to reuse data in 
future studies and to make small adjustments if errors 
occur, or if the modelled system changes during the 
project time. 

3.6 Data Collection 
The data collection activity can be divided into two 
parts. One is the extraction and compilation of avail-
able data from the identified sources. The other is to 
gather the missing data according to the previously 
specified methods (Section 3.4). 

Extract and Compile Available Data   Despite the 
availability of data, some efforts are almost always 
needed to extract relevant information from the data 
sources. As mentioned before, more complex data-
bases often contain data in forms that require some 
transformation before it can be used for further analy-
sis in a simulation project. One example is break-
down data that is often logged in a crude form where 
start and stop times of all stops are stored. In this 
case, efforts are needed both to sort out the stops of 
interest for the analysis, and to calculate the absolute 
length of breakdowns. 

Gather Missing Data   Many times this activity is 
fairly straight-forward since the procedure is well 
outlined in previously presented activity (Sec-
tion 3.4). However, depending on the chosen meth-
ods, type of modelled process and requirements of 
accuracy, it can be a time-consuming activity. 

3.7 Data Analysis and Preparation 
The outcome of the data collection activity is often a 
large set of data points, e.g. 100 measured cycle-times 
or 2000 repair times extracted from a maintenance 
database. In the data analysis and preparation activity, 
the way to represent the data in the simulation model 
is selected. Regardless of whether an empirical or 
statistical representation is chosen, some preparations 
are performed in this activity. For example, the statis-
tical representation requires fitting the data set to a 
statistical distribution. 

3.8 Data Validation 
Before the data is used in the simulation model, a 
separate data validation activity helps to ensure accu-
racy in further analysis. An early control of the data 
representations’ correctness usually saves iterations in 
later model validation, where more sources of error 
are involved. The data representation can be validated 
using production follow-ups or expert knowledge, 
e.g. Turing tests [16]. 

3.9 Final Documentation 
It is important to document the results of the input 
data phase, since they are of vital importance for the 
model outputs and furthermore for the decisions 
taken with reference to the analysis. The final docu-
mentation is also necessary in order to make future 
simulation projects less time-consuming by enabling 
reuse of input data. 

4 Survey and Interview Results 
The results and analysis section is divided into two 
parts. The first part presents the analysis of time-
consumption for input data activities and the second 
part shows the data availability in the studied DES 
projects.  

4.1 Analysis of Time-Consumption 
The respondents were asked to assess the time spent 
in each of the activities during the input data phase of 
the 15 DES projects included in the study. The per-
centages of time in each activity with regard to the 
duration of the entire input data phases are presented 
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in Table 1. Around half of the input data management 
time is used for actual data collection, both from 
available sources and from manual gathering. Map-
ping of available data together with data analysis and 
preparation are the other two activities on the top-
three ranking of time-consuming activities.  

It is not surprising that the collection activity claims a 
significant amount of time. Some more detailed find-
ings about the most time-consuming parameters, and 
how data availability influences time-consumption, 
will be further examined later in this section. How-
ever, the fact that mapping of available data is a top-
three ranked activity is more conspicuous. But infor-
mation from many of the respondents is very similar 
and claims that the major reasons are the complexity 
of the data sources and that the available data is not 
collected and stored in a way that is ready for use in 
simulation models. Hence, a lot of time is needed to 
understand the data sources and to ensure that the 
data is relevant in the specific case. Ensuring that it 
will be possible to extract and transform required data 
into a suitable representation for the simulation 
model, also adds to the extensive time-consumption. 

Table 2 shows the ranking among input data parame-
ter classes with regard to required collection time. 
Process times, breakdown data, set-up times, tool 
changes and material handling data are all straight-
forward parameter classes, but production planning 
and organisational data contain some sub-types. In-
formation needed for production planning incorpo-
rates data such as production schedules, arrival pat-
terns of incoming parts, and sales data. Organisational 
information contains data about staffing plans, shift 
schedules and breaks. Note that the sum of the time-
consumptions for all parameter classes is not equal to 

100% since all classes are not applicable in every 
studied project. 
Interview responses indicate that the reason for the 
heavy time-consumption for process data depends on 
problems with defining the process delimitations, e.g. 
when a cycle starts and stops.  

For breakdown data, the corresponding problem is to 
sort out the stops of interest for the simulation study, 
among all other kind of logged process-disturbances 
in the IT-systems. Both process data and breakdown 
data often include large amounts of data since they 
are considered to be particularly important for model 
performance and dynamics.  

4.2 Data Sources and Availability of 
Information in DES Projects 

The availability of data necessary for production 
analysis is not satisfying in most of the studied DES 
projects. Only one of the 15 cases had all data avail-
able when the project started, and combined with a 
study performed by Johansson et al. [17] it is obvious 
that insufficient work has been performed in order to 

 
Table 1. Time-consumption for each input data activity with regard to the entire input data phase. 

Table 2. Required time efforts for collection of input 
parameter classes. 

Project
Input data 
parameter 

identification

Accuracy 
requirement 
specification

Mapping of 
available data

Choice of 
gathering 
methods

Document 
creation Data collection

Data analysis 
and 

preparation
Data validation Final 

documentation

# 1 12% 2% 2% 2% 0% 60% 12% 4% 5%
# 2 3% 0% 7% 7% 1% 51% 7% 22% 0%
# 3 5% 2% 12% 1% 2% 63% 1% 6% 6%
# 4 5% 2% 4% 5% 5% 61% 7% 5% 5%
# 5 3% 3% 12% 1% 6% 57% 12% 0% 6%
# 6 3% 0% 15% 3% 5% 58% 8% 5% 5%
# 7 1% 4% 2% 2% 1% 40% 25% 12% 12%
# 8 9% 0% 9% 4% 9% 52% 9% 4% 4%
# 9 5% 0% 9% 5% 5% 45% 23% 5% 5%
# 10 4% 4% 9% 4% 7% 50% 7% 9% 7%
# 11 33% 11% 11% 7% 0% 24% 2% 11% 2%
# 12 14% 7% 14% 11% 7% 21% 14% 4% 7%
# 13 5% 0% 10% 10% 5% 50% 10% 5% 5%
# 14 5% 3% 13% 5% 8% 56% 3% 5% 3%
# 15 10% 0% 21% 0% 0% 62% 8% 0% 0%
Average 8% 2% 10% 4% 4% 50% 10% 7% 5%

Parameter class
Time-consumption 

(percentage of the entire 
input data phase)

Process times 42%

Breakdown data 32%

Production planning data 19%

Material handling data 14%

Set-up times 12%

Tool-change times 8%

Organizational data 7%
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support analyses with proper input data. Two projects 
out of the 15 had no data at all to start with, and had 
to gather all data manually. Table 3 shows the data 
availability for each input parameter class, presented 
as the percentage of projects having all, none or parts 
of the required data available. 
As seen in Table 3, breakdown data is the category 
that is most frequently collected and stored, followed 
by organisational data and process times. Contrarily, 
material handling data was not fully available in any 
of the projects. It is important to note that it is not 
relevant to directly compare time-consumption for 
different parameter classes, since the amount of raw 
data and importance for model performance varies 
significantly among the classes. Therefore, one 
should not draw the conclusion that data availability 
is insignificant for the time-consumption because 
breakdown data collection takes more time than to 
gather data for material handling equipment (Table 
2), despite the fact that breakdown data has higher 
availability.  
The study results rather show that a large share of 
available data has a positive correlation with rapidity 
of input data collection. One single example is that 
the only project having all needed data available is 
also the project with lowest percentage (12%) of time 
spent in the input data phase. Investigating the actual 
time for collection of input data in projects with full 
data availability compared to projects that fully or 
partly include manual gathering supports the same 
conclusion. To illustrate, the mean time required for 
collection of process times was less than one week 
when data was fully available and slightly more than 
three weeks when manual gathering was needed. 

5 Discussion 
The survey and the interview results clearly show the 
difficulty for companies to effectively manage their 

data for use in production analysis tools like DES. It 
is obvious that no evident progress has been made to 
reduce the time-consumption for input data manage-
ment in recent years. For instance, this study shows 
that the time-consumption for input data management 
in DES-projects is still 31% on average, which is a 
high percentage compared to older studies. The opin-
ion is also supported by the fact that only 7% of the 
studied projects had all required input data available 
when the project started. This is almost the same 
availability ratio as Johansson et al. [17] found six 
years ago (6%). 

Two of the top-three time-consuming input data ac-
tivities both shed light on the same difficulty in input 
data management at present. Both problems with 
actual data collection (50%) and mapping of available 
data (10%) indicate a potential for reduced time-
consumption by implementation of intelligently-
designed computer-based data sources. 

According to the findings presented in the results and 
analysis section, companies can gain a lot of time in 
production systems analysis by keeping track of data 
describing their processes. This in turn enables DES 
to be used more frequently; hence increased perform-
ance in production is achieved. There are several 
ways of continuously having up-to-date information 
available, some examples are automated PLC-logging 
or previously performed time studies stored in data-
bases.  However, it is very important to note that the 
design of the majority of existing databases is not 
developed with the needs of analysis tools like DES 
in mind. No less than 10 out of 13 projects in the 
study, having some available data at hand, reported 
problems with extracting relevant information from 
the databases due to problems with understanding the 
data structures, mapping relevant data for their spe-
cific application and sorting out the information 
needed among an often huge set of data. These find-
ings are also supported by earlier research performed 
by Perera and Liyanage [5]. 

Moreover, companies often overestimate their ability 
to provide data for analysis tools like DES, which 
might be a result of the extensive information flow in 
present production systems. However, when the pro-
jects start they frequently lack important data or find 
that data is measured and stored in a way that is un-
suitable for simulation models. Consequently, a lot of 
time needs to be spent on identification of relevant 
information and on recalculations or complementary 
measurements. This common statement of respon-

Table 3. Percentage of studied projects having all, none or 
parts of the needed input data available. 

Parameter class All data 
available

No data 
available

Combination 
of available 

and manually 
gathered data

Process times 33% 27% 40%

Breakdown data 64% 9% 27%

Production planning data 18% 55% 27%

Material handling data 0% 62,5% 37,5%

Set-up times 22% 44% 34%

Tool-change times 20% 80% 0%

Organizational data 40% 40% 20%
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dents has resulted in problems with keeping the time 
plans for input data management in the studied pro-
jects. Only 20% of the projects reported that their 
input data phases where completed in time. 

Requirements stated above are not just based on a 
DES perspective but also on the viewpoint of other 
production analysis methods. Companies could gain 
much productivity by keeping track of their produc-
tion data more carefully. One way is to design future 
data systems having the viewpoints of production 
analysts in mind. But not to forget, today’s purposes 
with the systems are also important to support, e.g. 
maintenance and process control. 

There are some factors in the study that might affect 
the precision of each individual case study result. 
Since the exact number of hours responded in the 
study was not documented in all cases, the reported 
time-consumption is dependent on each respondent’s 
perception and memory. However, the possible im-
pact of this factor is reduced by the choice of recently 
performed projects, for example 13 of the 15 projects 
are performed within two years from when the ques-
tionnaires were completed. Moreover, it is important 
to remember that the purpose of the study is to iden-
tify time-consuming activities and serve as a guide-
line for future research, rather than presenting the 
exact number of hours needed to carry out the activi-
ties. To increase the precision of the study some more 
samples would have been favourable to add. 

Another factor that has been hard to determine in 
every specific project is the input data precision and 
quality. Consequently, it’s hazardous to exclude the 
quality dimension’s influence on time-consumption 
from the survey results. However, all projects man-
aged to validate their models according to the real 
world system, which indicates that the data quality 
was satisfying in all cases. Many of the projects 
(73%) also validated the input data separately to pro-
duction follow-ups or to process expert knowledge. 

6 Conclusions 
To summarise the findings from this study, some 
results deserve to be highlighted: 

• The work to increase the support of input data to 
production analysis has not yet resulted in suc-
cessful implementations in industry. The time 
needed for input data management in DES pro-
jects is still around 31% of the total project dura-
tion. Moreover, the percentage of companies 

having all data available for DES projects is as 
low as 7%. 

• The three most time-consuming input data activi-
ties are data collection, mapping of available 
data, and data analysis and preparation, respec-
tively. 

• One major reason for the heavy time-
consumption is the need for manual gathering 
due to insufficient data availability.  

• Another reason is the complex design of many 
computer based data systems, which slows down 
the identification of available data as well as the 
extraction of information from the systems. 

There is also a newly published paper related to this 
contribution [15], which proposes a methodology for 
increased efficiency in input data management. It 
aims to improve the present working procedures 
(mapped above) by describing good practice guide-
lines for each activity. 
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