








conditions in a bid to see how the model
will react.

d. Scheduling a fixed number of entities
through the model to see that the exact
number of entities is created, processed
and disposed.

A visual display of the order picking simulation
model while it is running is illustrated in Figure
4.

As a result of our Visual Check validation test,
we can conclude that the behaviour of the
simulation model is reasonable, and closely
resembles that which is expected for the purpose
of our simulation model development.

Figure 4: Simulation animation of an order picking process

3.5 DESIGN OF EXPERIMENTS

In simulation, design of experiments provides a
way of structuring the environment within which
experiments are performed. “It provides a way of
deciding before the runs are made which
particular configurations to simulate so that the
desired information can be obtained with the least
amount of simulation” (Law and Kelton, 2000).
This can include what specific configuration we
are interested in, the output performance of
interest, right up to the way random numbers are
being applied. For the purpose of our
experiments, we made a single simulation run
consisting of a fixed number of replications.

Here is a brief description of the three
experimental settings used for the validation
process:

d. Model 1-S (base model) entity arrival
rate uses an exponential probability
distribution and manual / automated
order picking process use a triangular
probability distribution.

e. Model 1-1-S entity arrival rate uses an
exponential  probability  distribution,
manual / automated order picking
process use a triangular probability
distribution and it is enhanced by
additional processing. This is station
(buffer) processing which uses a
triangular probability distribution.

f.  Model 1-2-S entity arrival rate uses an
exponential  probability  distribution,
manual / automated order picking
process use a triangular probability
distribution and is enhanced by
additional processing. This is station
(buffer) processing which uses a
triangular probability distribution. This
model, also implements the common
random  number  technique  (i.e.
dedicating a different random number
stream to sources of model variance
Kelton et al (2007), (Law and Kelton,
2000).

For our study, the experimental conditions are
listed below:

a. Simulation model resource
configuration:

1. Skilled Order Picking Operatives: Two
at each order picking point

2. Unskilled Order Picking Operatives:
Two at each order picking point

3. Automated Order Picking dispensers:
One at each order picking point



b.  Number of order types (Entities):

Order type Probability
Distribution
(%)
1 | Many Items Few | 20
Quantities
(MIFQ)
2 | Many Items 25
Many Quantities
MIMQ)
3 | Few Items Few 10
Quantities
(FIFQ)
4 | Few Items Many | 15
Quantities
(FIMQ)
5 | Regular Items 30
Regular
Quantities
(RIRQ)

Below are the assumptions upon which
simulation model is based:
a. No Warm up period
b. Common Random Number Seed
(Assigning a unique random number
stream to sources of model variance i.e.
Arrival process and Order picking
process Kelton et al (2007), (Law and
Kelton, 2000).
c. Simulation replication length: 16 Hours
per day (8 Hour shifts), 30 Days (28800
minutes)
d. Proposed number of simulation
replications: 999,999
e. Selected output performance measure:
Total usage cost
f. Target output performance value: 95%
Confidence interval + half width of 0.5.

3.6 RESULTS

We used the same experimental settings as were
used for the model validation tests for the
Sequential Sampling method experiments. This is
because just experimenting with Model 1 (base
model) would not give us an extensive
understanding of the behaviour of the order
picking process i.e. source of variance, or provide
a deeper insight into the performance of the
Sequential Sampling method as a variance
reduction technique for this class of Just in Time
(JIT) systems. It is pertinent to mention that
Model 1-S, Model 1-1-S, Model 1-2-S,
respectively, are not different models but a single
simulation model which has been extended in
model complexity for experimental purpose. Our
quantification of a reduction in variance by the
application of the Sequential Sampling method is
measured by a change in the confidence interval

half width of the selected simulation output
performance measure.

Based on the application of the Sequential
Sampling method, these are the results we
recorded for the Models 1-S, 1-1-S, 1-2-S,
respectively. We achieved a 95% confidence
interval half width on the selected simulation
performance measure (total usage cost), of 2.80,
2.50 and 2.49, with average mean values are
£115,000, £115,000, £117,000. This means in
95% of repeated trials, the average mean value
for the selected simulation output performance
measure value would be reported as within + the
half width. The number of simulation replications
and quantity of simulation time over a single run
required to achieve the above results for Models
1-S, 1-1-S, 1-2-S, respectively, are 568,802,
708376 and 717,922 and 30,240 minutes, 40,320
minutes and 43,200 minutes. There was a
reduction on average over the three models in the
95% confidence interval half width for the
selected simulation performance measure across
the models of about 10.7%, however, it required
on average about 20.2% more simulation
replications, to achieve such an improvement.
This improvement in solution quality i.e.
reduction in the 95% confidence interval half
width was due to an increased number of
replications. We also discovered that by using
common random numbers, there was no
significant enhancement in the ability of the
Sequential Sampling method to reduce variance
within  the  selected  simulation output
performance measure for Model 1-1-S as
compared with Model 1-2-S. Generally,
Sequential Sampling method increases the
precision of the selected simulation output
performance measure but running Model 1-S at
different levels of complexity using the
Sequential Sampling method in order to reduce
variance, requires a huge number of simulation
replications. A summary of our results is given in
Table 1.

Based on the summary of results in Table 1, a
comparison of total usage cost between Model 1-
S and Model 1-2-S, reveals a difference of 1.7%.
The implication of this is that the difference is not
significant at a mean maximum level of £117,000
and a mean minimum level of £115,000, when
further compared with the gain in precision i.e. a
lower 95% confidence interval half width of 2.49
as opposed to 2.80. The difference in mean values
can be explained by a change in the models. The
change in Model 1-S and Model 1-2-S is caused
by the use of the station (buffer) processing.
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4. CONCLUSIONS

We have investigated reducing variance
associated with a simulation output performance
measure (Total usage cost), using the Sequential
Sampling method while applying minimum
simulation replications, to achieve a desired 95%
confidence interval half width of + 0.5 for our
chosen output performance measure. Our results
indicate that, for our model, the Sequential
Sampling method as a technique for variance
reduction requires a lot of simulation replications
to achieve the desired confidence interval half
width and using common random numbers do not
significantly enhance the performance of the
Sequential Sampling method.

Future work to be undertaken is two fold. Firstly,
we will be investigating the source of simulation
model variance which has an influence on the
simulation computational effort i.e. the number of
replications required to achieve our target
confidence interval half width. We will study the
effect on output parameters of different
combinations of input parameters and
distributions, in particular model entity arrival
rate, processing time, automated machine failure
time and the different schedules of manual order
pickers and automated order dispensing
machines.

Secondly, we will also be developing a variance
reduction technique which will enhance the
performance of the Sequential Sampling method
by adding a Particle Filter. This is an intelligent
and complex model estimation technique based
on simulation and is mainly used to draw samples
from probability distributions. The Particle Filter
is a widely used technique for estimating
positioning and navigation Gustafsson et al
(2002).

The main purpose for enhancing the performance
of the Sequential Sampling method by adding a
Particle Filter is to achieve a target confidence
interval half width on a selected performance
output measure using minimal number of
simulation replications. Such an augmentation
with the Particle Filter should enable the
Sequential Sampling method to filter variance as
the simulation replication is being performed and
as such the simulation output performance value
will have minimal variance and thus be more
precise. This is the first time we are aware of a
proposition to apply a Particle Filter to the
Sequential Sampling method for the purpose of
reducing variance to achieve a target confidence
interval half width on a selected simulation
output performance measure value.
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Table 1: Summary of Results

Model | Variance Total | 95% Real

Name | Measure- | Usage | C.I Simulati-
ment Cost Half on Time
(Number £ Wid-
of Replic- th
ations)
Model | 568,802 115, 2.80 30,240
1-S 000 minutes
(21 days)
Model | 708,376 115, 2.50 40,320
1-1-S 000 minutes
(28 days)
Model | 717,922 117, 2.49 43,200
1-2-S 000 minutes
(30days)
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ABSTRACT:

There are two key issues in assuring the accuracy
of estimates of performance obtained from a
simulation model. The first is the removal of any
initialisation bias, the second is ensuring that
enough output data is produced to obtain an
accurate estimate of performance. This paper is
concerned with the first issue, warm-up
estimation. Specifically, this paper will describe
a continuing research project that aims to
produce an automated procedure, for inclusion
into commercial simulation software, for
estimating the length of warm-up and hence
removing initialisation bias from simulation
output data.

Keywords:
truncation point

Warm-up, initialisation bias,

1. INTRODUCTION

The removal of initialisation bias applies to non-
terminating simulations and some terminating
simulations. Initialisation bias occurs when a
model is started in an ‘unrealistic’ state. For
instance, if a week’s production schedule is
simulated it may be wrong to assume that there is
no work-in-progress on the Monday morning. If
we were to simulate the lunch time period of a
shop it would be wrong to ignore the customers
who may already be in the shop at the start of the
period of interest. The output data collected
during the warming up period of the simulation
can therefore be misleading and bias the
estimated response measure.

There are five main methods for dealing with

initialisation bias (Robinson, 2004):

1. Run-in model for a warm-up period until it
reaches a realistic condition (steady state for
non-terminating simulations). Delete data
collected from the warm-up period.

2. Set initial conditions in the model so that the
simulation starts in a realistic condition.

3. Set partial initial conditions then warm-up
the model and delete warm-up data.

4.  Run model for a very long time making the
bias effect negligible.
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5. Estimate the steady state parameters from a
short transient simulation run (Sheth-Voss et
al., 2005).

This project uses the first method; deletion of the

data with initial bias by specifying a warm-up

period. The key question is “How long a warm-

up period is required?”

This paper describes the work that has been
carried out to date with the aim of producing an
automated procedure to estimate the warm-up
period. Section 2 describes the extensive
literature review that was carried out to find the
various warm-up methods in existence. The next
two sections describe the creation of artificial
data sets and performance criteria for testing
some of these warm-up methods. Sections 5 and
6 explain how we chose likely candidate methods
for testing and the preliminary results. Section 7
includes plans for future work.

2. LITERATURE REVIEW

There are 5 main types of procedures for
estimating the warm-up period and hence
specifying the point where the data output series
should be truncated (Robinson, 2004).

1. GRAPHICAL METHODS - Truncation
methods that involve visual inspection of the
time-series output and human judgement.

2. HEURISTIC APPROACHES - Truncation
methods that provide (simple) rules for
determining when to truncate the data series,
with few underlying assumptions.

3. STATISTICAL METHODS - Truncation
methods that are based upon statistical
principles.

4. INITIALISATION BIAS TESTS - Tests for
whether there is any initialisation bias in the
data. They are therefore not strictly methods
for obtaining the truncation point but they
can be adapted to do so in an iterative
manner or can be used in combination with
the above truncation methods to ascertain
whether they are working sufficiently.

5. HYBRID METHODS - A combination of
initialisation bias tests with truncation



methods in order to determine the warm-up

period.
We carried out an extensive search of the
published literature and found 42 warm-up
methods. A list of these methods and relevant
references is provided in Table 1. Further
information and a summary of each method can
be found on the project  website:
http://www.wbs.ac.uk/go/autosimoa.

All of these methods have shortcomings and
suffer from a lack of consistent, comparable
testing across the literature. Key problems are
overestimation and underestimation of the
truncation  point, relying on restrictive
assumptions and requiring estimation of a large
number of parameters.

Table 1. Methods for determining the warm-up period.

Method Type Method

References

Graphical Simple Time Series Inspection
Ensemble (Batch) Average Plots

Cumulative-Mean Rule

Deleting-The-Cumulative-Mean
Rule

CUSUM Plots

Welch's Method

Variance Plots (or Gordon Rule)

Exponentially Weighted Moving
Average Control Charts

Statistical Process Control
Method (SPC)

Heuristic Ensemble (Batch) Average Plots
with Schribner's Rule
Conway Rule or Forward Data-

Interval Rule

Modified Conway Rule or
Backward Data-Interval Rule
Crossing-Of-The-Mean Rule

Autocorrelation Estimator Rule

Marginal Confidence Rule or
Marginal Standard Error Rules
(MSER)

Marginal Standard Error Rule m,
(e.g. m=5, MSER-5)

Telephone Network Rule
Relaxation Heuristics

Gordon (1969)

Banks et al. (2001)

Gordon (1969), Wilson and Pritsker (1978a), Gafarian et
al. (1978), Nelson (1992), Roth and Josephy (1993), Roth
(1994), Banks et al. (2001), Fishman (2001), Bause and
Eickhoff (2003), Sandikci and Sabuncuoglu (2006)

Roth and Josephy (1993), Roth (1994)

Nelson (1992)

Law (1983), Pawlikowski (1990), Alexopoulos and Seila
(1998), Law and Kelton (2000), Banks et al. (2001),
Linton and Harmonosky (2002), Bause and Eickhoff
(2003), Mahajan and Ingalls (2004), Sandikci and
Sabuncuoglu (2006)

Gordon (1969), Wilson and Pritsker (1978a), Gafarian et
al. (1978), Pawlikowski (1990)

Rossetti et al. (2005)

Law and Kelton (2000), Mahajan and Ingalls (2004),
Robinson (2005)

Wilson and Pritsker (1978a), Wilson and Pritsker (1978b),
Pawlikowski (1990)

Conway (1963), Fishman (1973), Wilson and Pritsker
(1978b), Gafarian et al. (1978), Wilson and Pritsker
(1978a), Bratley et al. (1987), Pawlikowski (1990),
Yucesan (1993), White (1997), Mahajan and Ingalls
(2004)

Wilson and Pritsker (1978a), Gafarian et al. (1978), White
(1997), Lee et al. (1997)

Wilson and Pritsker (1978a), Gafarian et al. (1978),
Wilson and Pritsker (1978b), Pawlikowski (1990), White
(1997), Lee et al. (1997), Mahajan and Ingalls (2004)
Fishman (1971), Wilson and Pritsker (1978a),
Pawlikowski (1990)

White (1997), White et al. (2000), Linton and
Harmonosky (2002)

White et al. (2000), Mahajan and Ingalls (2004), Sandikci
and Sabuncuoglu (2006)

Zobel and White (1999)

Kimbler and Knight (1987), Pawlikowski (1990), Roth
and Josephy (1993), Roth (1994), Linton and Harmonosky
(2002)
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Statistical

Initialisation
bias tests

Hybrid

Beck's Approach for Cyclic
output
Tocher's Cycle Rule

Kimbler's Double exponential
smoothing method

Euclidean Distance (ED) Method
Neural Networks (NN) Method

Goodness-Of-Fit Test
Algorithm for a Static Dataset
(ASD)

Algorithm for a Dynamic
Dataset (ADD)

Kelton and Law Regression
Method

Glynn & Iglehart Bias Deletion
Rule

Wavelet-based spectral method
(WASSP)

Queueing approximations
method (MSEASVT)

Chaos Theory Methods
(methods M1 and M2)

Kalman Filter method

Randomisation Tests For
Initialisation Bias

Schruben's Maximum Test (STS)

Schruben's Modified Test

Optimal Test (Brownian bridge
process)

Rank Test

Batch Means Based Tests —
Max Test

Batch Means Based Tests —
Batch Means Test

Batch Means Based Tests —
Area Test

Ockerman & Goldsman Students
t-tests Method

Ockerman & Goldsman (t-test)
Compound Tests

Pawlikowski's Sequential Method

Scale Invariant Truncation Point
Method (SIT)

Beck (2004)

Pawlikowski (1990)
Kimbler and Knight (1987)

Lee et al. (1997)
Lee et al. (1997)

Pawlikowski (1990)
Bause and Eickhoff (2003)

Bause and Eickhoff (2003)

Kelton and Law (1983), Law (1983), Kimbler and Knight
(1987), Pawlikowski (1990), Roth and Josephy (1993),
Roth (1994), Gallagher et al. (1996), Law and Kelton
(2000), Linton and Harmonosky (2002)

Glynn and Iglehart (1987)

Lada et al. (2003), Lada et al. (2004), Lada and Wilson
(2006)

Rossetti and Delaney (1995)
Lee and Oh (1994)

Gallagher et al. (1996), Law and Kelton (2000)
Yucesan (1993), Mahajan and Ingalls (2004)

Schruben (1982), Law (1983), Schruben et al. (1983),
Yucesan (1993), Ockerman and Goldsman (1999), Law
and Kelton (2000)

Schruben (1982), Nelson (1992), Law (1983), White et
al.(2000), Law and Kelton (2000)

Schruben et al. (1983), Kimbler and Knight (1987),
Pawlikowski (1990), Ma and Kochhar (1993), Law and
Kelton (2000)

Vassilacopoulos (1989), Ma and Kochhar (1993), Law
and Kelton (2000)

Cash et al (1992), Lee and Oh (1994), Goldsman et al.
(1994), Law and Kelton (2000), White et al. (2000)

Cash et al. (1992), Goldsman et al (1994), Ockerman and
Goldsman (1999), White et al. (2000), Law and Kelton
(2000)

Cash et al. (1992), Goldsman et al (1994), Ockerman and
Goldsman (1999), Law and Kelton (2000)

Ockerman and Goldsman (1999)
Ockerman and Goldsman (1999)

Pawlikowski (1990)
Jackway and deSilva (1992)
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Figure 2. Shapes of the Initial Bias functions.

3. ARTIFICIAL DATA

The aim was to create a representative collection
of artificial data sets, with initial bias, that are
controllable and comparable, for testing warm-up
methods. There are two parts to creating these
sets; creating the initial bias functions, a,, and
creating the steady-state functions X, (where t =
time).

3.1 ARTIFICIAL INITIAL BIAS FUNCTIONS

We decided upon 3 criteria that would completely
specify the bias function a; length, severity and
shape of the bias function. The length of the
initial bias (L) is described in terms of the
percentage of the total data length. The severity
of the initial bias is described by its maximum
value. In order to control the severity we let

Max | a, | (<L =M x Q. M is the relative
maximum bias value set by us. Q is the
difference between the steady-state mean and the
1 (if bias function is positive) or 99™ (if bias
function is negative) percentile of the steady state
data. If M is set to be greater than 1 then we
would expect the bias to be significantly separate
to the steady state data and therefore easier to
detect. Likewise, if M is set to a value less than 1
we would expect the bias to be absorbed into the
steady state data and therefore be far harder to
detect. The shapes of bias functions were taken
from the literature (Cash et al.,, 1992, Spratt,
1998, White et al., 2000) and knowledge of ‘real
model’” warm-up periods. There are 5 main
shapes used as shown in Figure 2.

3.2 ARTIFICIAL STEADY STATE FUNCTIONS
We had previously created a representative and

sufficient set of model output data by analysing
over 50 ‘real’ models / output and identifying a

set of important characteristics. From this work
we decided to use three criteria to define our
steady state functions: the variance, error terms
(normally or non-normally distributed) and auto-
correlation of the data. The variance is kept at a
constant steady state. The error terms, g, are
either Normal(0,1) or Exponential(1). The
functions either have no correlation in which case
the steady state data is simply made up by the
error term, or have varying complexity of auto-
correlation: AR(1), AR(2), AR(4), MA(2) and
ARMAC(S,5). The actual autoregressive functions
and parameter values were chosen in order to
give an increasing degree and complexity of
correlation with a range of oscillatory / decay
behaviour (Box et al., 1994).

The bias functions can then be incorporated into
the steady state functions in two contrasting
ways: Injection or superposition (Spratt, 1998).
Using the injection method the bias function is
added into the steady state function.  For
example, for the AR(l) function with

parameter @) :
X, =¢X,,+€ +a,
XH-I = ¢[¢Xz—1 + 81 + at]+ Ay

efc...

Injection therefore causes a lag after the initial
bias ceases before the data settles down to steady
state (see figure 3) and can also cause a warm-up
period in the initial bias. Neither of these are
desirable for our present purposes, although it
arguably produces a better approximation to
reality and we therefore intend to use this method
later on in testing. At this point in testing we are
just going to use the superposition method that
adds the bias function onto the end of the steady
state function, X, to produce the finished data Y,,.
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For example, for the AR(1) function with
parameter ¢ :

X, =¢X,  +¢€
Yz‘:Xz‘+az‘

erc...

There is therefore no lag between the end of the
bias function and the start of the steady state
period. Hence we are able to know the true
truncation point precisely.

t

L

Steady state

lag

Figure 3: Example of the lag effect from using
the injection method.

4. PERFORMANCE CRITERIA

Each tested warm-up method is run with each
type of artificial data set 100 times to allow for
statistical analysis of the results. Using the
literature as a guide (Kelton and Law, 1983,
Robinson, 2005, Spratt, 1998) we have selected
the following performance criteria to assess the
efficacy of the chosen warm-up methods. All
criteria are also calculated for the data series
without truncation for comparison purposes.

e (Closeness of estimated truncation point to
actual L. This will indicate consistent
underestimation or overestimation of the
true end of the initial bias.

e Coverage of the true mean: It is important
that the true mean falls within the
confidence interval around the average of
the truncated means.

e  Half length of the 95% CI around the
average truncated mean. It is important
that the half length is narrow as this
indicates a greater level of certainty about
the estimated steady state mean value.

® Bias: Difference between the true mean
and the truncated mean. For a ‘good’
estimate of the true mean value a small
bias is required. If the truncated mean is
equal to the true mean then the bias would
be zero. It is desirable, therefore, that the
confidence interval around the bias
contains the value zero.

e Absolute Bias: Absolute difference
between the true mean and the truncated
mean. If the absolute bias is greater for the
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truncated data than for the non truncated
series then the method is working poorly.

®  Number of failures of the method.
Incorrect functioning of the method
(particular to each method)

5. CHOOSING LIKELY WARM-UP
METHODS FOR AUTOMATION

Because of the large number of methods found it
is not possible to test them all. We therefore
graded methods in order to select the best set with
which to proceed to testing. (However we
recognise that depending on the success of the
chosen methods in testing it may be necessary to
return to this step and re-evaluate methods that
have previously been rejected.) We decided to
grade methods based on what the literature said,
using 6 main criteria:

e Accuracy and robustness of method - i.e.
how well the method truncates allowing
accurate estimation of the true mean.

e Simplicity of the method.

e ‘Fasy’ automation potential.

e Generality - i.e. does a method work well
with a large range of initial bias and data
output types.

e  Parameters - A large number of
parameters to estimate could hinder the
applicability of a method for automation.

e Computer time taken - Ideally we want the
analysis method running time to be
negligible compared with the running time
of the simulation.

We then used a system of rejection according to
the above criteria to whittle down the methods.
We also rejected ‘first draft” methods that had
been subsequently usurped by improved versions
(e.g. MCR by MSER-5). Those methods not
rejected in this fashion could then be tested by
ourselves with regards to the above criteria and
rejected or not rejected accordingly. The aim is
to end up with one or more methods that function
well according to our criteria.

The graphical methods were mainly rejected on
grounds of easy automation, since they require
user intervention, and accuracy. Automation
would require invention of an automatic method
to judge ‘flatness’ of line accurately (and
‘smoothness’ in the case of Welch’s method). A
large variation in the data output makes it
difficult to judge where ‘flatness’ occurs. Many
graphical methods use cumulative statistics which
react slowly to changes in system status.
Cumulative averages tend to converge more
slowly to a steady state than do ensemble
averages (Wilson and Pritsker, 1978a) which can
lead to overestimation of the truncation point.
The majority of statistical methods were rejected



on grounds of easy automation, generality or
accuracy. For instance, the Kelton and Law
Regression method is criticised in the literature
for being complex to code (Kimbler and Knight,
1987). This is partially due to the large number
of parameters that require estimation. The
statistical methods accepted for more testing were
the Goodness of fit test, Algorithm for a static
data set (ASD), Algorithm for a Dynamic data set
(ADD) and the Wavelet-based spectral method
(WASSP). The majority of Heuristic methods
were rejected on grounds of accuracy, generality
and easy automation. Those heuristics not
rejected were MSER-5, Kimbler’s Double
Exponential Smoothing and Euclidean Distance
Method (ED). All the initialisation bias tests,
except for Schruben’s Max Test (rejected on
robustness reasons), were taken forward to
testing. The hybrid methods have not been
considered as yet.

6. PRELIMINARY TEST RESULTS

The testing is in its early stages but so far, of the
truncation methods tested, the MSER-5 method
seems the most promising. The ASD and ADD
methods require a large number of replications
which was deemed unsatisfactory for our
purposes. WASSP needed a very large amount of
data (approx 6000 minimum) which was also
deemed unsatisfactory. Kimbler’s double
exponential smoothing method consistently
underestimated the truncation point by a long
way and was therefore rejected.

In general the sequential methods assume a
monotonic decreasing or increasing bias function
and therefore do not cope with the mean shift
bias. Methods that analyse all the data given (in
one go), using the information that all the data
provides, seem more able to cope with a larger
variety of bias types and seem more suited to
automation.

The Initialisation Bias tests are still in the process
of being tested.  Problems occurred when
implementing the Rank test because of
conflicting information in the two separate papers
that describe this test. We are not satisfied that
there is sufficient information in the original
paper to reproduce this test correctly.

The MSER-5 truncation method, in preliminary
testing, has performed the best and most
consistently. One draw back is that it can
sometimes erroneously report a truncation point
at the end of the data series. This is because
MSER can be overly sensitive to observations at
the end of the data series that are close in value
(Delaney, 1995, Spratt, 1998). This is an artefact

of when the simulation is terminated (Spratt,
1998). This can be mostly avoided by not
allowing the algorithm to consider the standard
errors calculated from the last few data points (we
have chosen a default value of 5 points). This
does not completely eradicate the problem
however. It has also been suggested that the
MSER method can be sensitive to outliers in the
steady state data (Sandikci and Sabuncuoglu,
2006). We have also observed that it can fail to
function properly when faced with highly auto-
correlated data (though this ‘failing’ is not
isolated to just the MSER method). It will
therefore probably be necessary to encase this
method within a simple heuristic framework and
possibly in combination with a good initialisation
bias test in order to manage method failures.

7. SUMMARY & CONCLUSION

This paper outlines the work carried out to date in
order to create an automated system to estimate
warm-up length in a DES simulation output data
series. It describes the extensive literature search
that was carried out in order to find and assess the
various existing warm-up methods. The
preliminary testing carried out on a sub set of
these methods and the results have been
explained.

This work is proceeding with further and more
exhaustive testing of promising warm-up
methods with a view to incorporating one or more
such methods into an automated analyser.
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