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Abstract: In the case of designing or improving industrial disassembly and repair shops, 
a special characteristic to be considered is the stochastic nature of disassembly, 
diagnosis and re-assembly times. Because of this special characteristic, the re
organisation of such work systems shall be supported by using a simulation 
method which considers distributed operation times. A question to be 
answered is the type of distribution which should be used. The problem is that 
during the data collection phase of a simulation project, the parameters of the 
often suggested Normal- or Gamma-distribution are normally not available. In 
contrary the parameters of the Beta-distribution are easy to get, because it 
could be characterised by the optimistic, the pessimistic and the most common 
time value. The following investigates in which way the different distributions 
effect the quantitative evaluation of a modelled repair shop compared with 
fixed operation times. Finally disadvantages and advantages of the use of dif
ferent distributions in a simulation study will be discussed. 
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1. INTRODUCTION TO THE PROBLEM 

For the design and control of production systems simulation has proven 
to be a powerful tool. When designing or improving industrial disassembly 
and repair shops, a special problem to be considered is the feasibility of 
these operations and the stochastic nature of disassembly, diagnosis and re
assembly times. 
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In order to take the latter into account, the re-organisation of these kinds 
of work systems shall be supported by using a simulation approach which 
can realise stochastic execution times (with respect to feasibility of disas
sembly operations refer to SCHILLER (1998, pp. 25). Furthermore, it is 
necessary to consider which type of distribution is particularly suitable for 
the simulation of execution times. 

2. OBJECT-ORIENTED SIMULATION 

The simulation tool OSim which is used here, was developed at the ifab-
Institute of Human and Industrial Engineering of the University of Karlsruhe 
(JONSSON 2000, p. 181; ZULCH et al. 2000; ZULCH, FISCHER 2002). 
The modelling of enterprise processes based on activity networks were 
studied by Johnson (JONSSON 2000). Activity networks are graphs with a 
logical sequence of activities, which can be used in the description of pro
duction and service processes (GROBEL 1992, p. 26). The production or 
service system to be modelled can thus be considered as a collection of 
activity networks, with whose help all processes occurring in the system can 
be modelled. An exemplary activity network is shown in Figure 1. 
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Figure L Example of an activity network with stochastic activity duration 

Each node represents an activity executed within the process. Usually the 
nodes are connected with a conjunction, i.e. every activity will be executed 
exactly one time (for every triggering). This way of modelling the enterprise 
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processes is quite common for a production process, however another logical 
linkage of the activities might be necessary (JONSSON 2000, p. 66). For 
instance there may be several alternatives for the disassembly of an electric 
device depending of the condition of the device (e.g. rusted screws). OSim 
offers the possibility for modelling such a disjunction of the activities (see 
JONSSON 2000, pp. 83). Additionally, each node takes up a certain length 
of time. The generic approach, which forms the basis of the simulation tool 
OSim, allows each node of an activity network to be assigned to an arbitrary 
distribution. This creates the basics for the representation of processes with 
stochastic activity execution times. 

3. DISTRIBUTED EXECUTION TIMES 

The question then arises as to which type of distribution is particularly 
appropriate for the simulation of such activities with stochastic execution 
times. NEUMANN (1975, p. 213) recommends, based on practical project 
experiences, to choose a distribution for execution times within an activity 
network which fulfils three conditions: First of all, the distribution should be 
steady; second, the resultant activity execution times should be bounded 
above and below, and third, the realisation of the activity execution times 
should be concentrated around a certain value. 
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Figure 2. Modelling beta-distribution following the PERT methodology 
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One distribution which compUes with these conditions is the beta-distri
bution. It possesses an additional advantage: In accordance with the PERT 
methodology, stochastic activity times can be modelled using an optimistic 
value (OT), a pessimistic value (PT) and a most common value (See Figure 
2; NEUMANN 1987, pp. 165). 

These types of values can be determined relatively easily by interrogation 
or check lists during the data collection and modelling phase of the simula
tion model. Furthermore, with this kind of Beta distribution modelling, it is 
possible to get the execution times non-axially symmetric. Furthermore, 
KRAJEWSKI and RITZMAN (1999, p. 814) suggest that this approach is 
also suitable for the modelling of operation durations, which are subject to 
strong scattering. 

The probability density function (pdf) of the Beta distribution is (NEU
MANN 1975, pp. 213): 

fit) -
(t-ay(b-ty ^ ^ ^^ 

[0, ... else 

a:=OT, b'=PT, m:=MT 

The expected value EV can be estimated by: 

^,, OT + A'MT + PT 
EV = (2) 

4. GENERATION OF BETA DISTRIBUTED 
RANDOM NUMBERS 

During a simulation run it is necessary to provide distributed random 
numbers for the simulated activities. The concept applied in OSim is based 
on the random number generator suggested by KLAUKE und PAWLICEK 
(1981, p. 43), which generates equally distributed random numbers accord
ing to the congruence method. In this sort of generator random numbers are 
created from their direct predecessor. This creates a reproducible list of ran
dom numbers for the simulation run, in which the same start number will 
always lead to the same series of random numbers. 
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These equally distributed random numbers can be transformed into any 
statistical distribution. This is usually done through the inversion of prob
ability transformation method, in which the inverse function of the cumula
tive distribution function (cdf) is used (NEUMANN 1977, pp. 313). For 
some distributions, however, among others the Beta distribution, it is very 
difficult to determine an elementary inverse function (LIEBL 1995, pp. 36). 
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Figure 3. Generated beta-distributed random numbers in the interval [0,1] 

To nonetheless be able easily to generate beta-distributed random num
bers, OSim uses the rejection method for the transformation of equally dis
tributed to beta-distributed random numbers (SCHMEISER 1977, p. 51). 
This method sorts out those random numbers which are not adequate for the 
corresponding distribution. In Figure 3 one can see different examples of 
beta-distributed random numbers in the interval between 0 and 1, generated 
with the used beta-distributed random number algorithm suggested by 
DEVROYE (1986, K. 9.3-6). 

APPLICATION MODEL 

In the following a model, a real system will be used to investigate which 
effects the use of various distributions has upon the simulation results, and to 
what degree the beta-distribution is suitable for the modelling of stochastic 
execution times. The implemented model represents an industrial repair line 
of an industrial repair shop for electrical devices. 
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The most important objective for the repairs in this appUcation case is the 
achievement of a high service rate. This means that all repairs processed on a 
given day should be shipped back to the customer on the same day. If this is 
the case the service rate attains the optimum value of 100 %. Taking the type 
of the electrical device into consideration, a total of approx. 400 activity 
networks with variously distributed activity times were found. In the model, 
6000 orders, the order programme for an entire month, were considered. 

Optimistic, pessimistic and most common values were already available 
for each of the activity times to be modelled. Various distributions, which 
were later analysed in several simulation runs with various starting values 
from the random number generator, were modelled based on these values. 

Assuming fixed execution times for the activities, the same key figures 
were achieved in every simulation run if the order programme is fixed. 
However, if one deposits distributions various key figure values will be 
determined for each simulation run, depending upon the start value for the 
random number generator. Based on these differing results, a result range 
can be derived for each key figure (Figure 4). 
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Figure 4. Creation of result ranges 

Figure 5 represents the result range for the key figure "service rate". The 
result area for the beta-distribution is the smallest, implying that these results 
have the lowest degree of dispersion (standard deviation: for beta-distribu
tion: 0.6; for exponential distribution: 1.6; for normal distribution: 1.9). The 
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reason for this can be found, in the fact that the beta-distribution is bound. 
Values above or beneath the optimistic or pessimistic value are not present, 
in contrast to exponential and normal distributions. Incidentally, this bound
ing of the values corresponds with the experience that was made in the 
existing industrial repair line for electrical devices. 

Furthermore, one can see that the beta-distribution value range encloses 
the simulated fixed values, whereas e.g. the exponential distribution tends to 
produce "poorer" results. This can be traced back to the fact that the expo
nential distribution is not bound above, and thus execution times which are 
"too long" must also be considered. Within the use of the normal distribution 
one can see that, generally, "poorer" results are attained for the service rate. 
Subsequently, it can be assumed that the use of this distribution would create 
execution times which tend to be too long. Further on, a normal distribution, 
which is the result of an addition of two independent normal distributions, 
has a greater statistical spread, i.e. the normal distribution is "broader" (see 
JACOD, PROTTER 2000, p. 116). 
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Figure 5. Ranges of service rates when simulating various distributions 
of execution times 

Comparable correlations can also be seen with the key figure "utilisation" 
(see Figure 6), whereas the result area for the beta-distribution is the again 
smallest (standard deviation: for beta-distribution: 0.3; for exponential dis-
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tribution: 0.7; for normal distribution: 0.4). In this case, in particular the 
normal distribution results area lies considerably higher compared to values 
determined with constant times, which in turn indicates that a stronger 
equalisation of the operating times exists. 
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Figure 6. Ranges of utilisation when simulating various distributions 

of execution times 

6. SUMMARY 

The examination of the model at hand clearly showed that the beta-distri
bution is particularly well suited for the modelling of distributed execution 
times. This can be attributed to the ease of modelling and the resulting sim
plicity of the data collection. Furthermore, the results are closer to reality 
since the dispersion is smaller. If it can be guaranteed in a practical case that 
the optimistic or pessimistic values are neither exceeded nor under-run, it 
can then be safely expected that the results of the real system will also be in 
the result range the simulation model has predicted. 
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