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ABSTRACT

Complex systems such as flexible manufacturing sys-
tems and traffic systems typically evolve with alter-
nating periods of transient and nearly steady-state
behavior; such systems often show suboptimal per-
formance. Thus, it is desirable to optimize the sys-
tem’s performance on-line by adjusting the system’s
parameters properly before a performance drop is to
occur. To this end, the system’s future evolution is
assessed in advance repeatedly by means of on-line
simulation. However, there are several problems ac-
companying this approach, particularly the demand
of real-time decisions, that have not been sufficiently
solved yet.

Aiming at studying the dynamics of on-line control
as well as its impact on the system’s operation, we
built a stochastic Petri net model that simulates on-
line control of a simple open queueing network as
it performs by means of on-line simulation. The sys-
tem under control is easy to study since it has known
properties and can be considered as part of a man-
ufacturing system; jobs arriving at the system have
to be dispatched to one of two machines, each pro-
viding a queue for jobs waiting to be processed. The
processing times of the machines are deterministic or
stochastic, while the jobs’ arrival times are stochas-
tic. With on-line simulation, the system’s future per-
formance is assessed by virtually dispatching a new
job to either of the machines, based on the system’s
current state; the results are compared and thus lead
to the real decision concerning to what machine the
new job should be dispatched in order to minimize
the work in progress.

In this work, we compare the quality of on-line con-
trol with that of other policies such as random choice
and join the shortest queue.

INTRODUCTION

On-Line Simulation

Complex systems such as flexible manufacturing sys-
tems and urban traffic systems are usually planned
through simulation before their operation actually
starts. However, such systems typically evolve with
high dynamics, that is, there are alternating peri-
ods of transient and nearly steady-state behavior.
This is partially due to short-term changes of the
requirements of their environment. Additionally, un-
expected events such as machine breakdowns or acci-
dents blocking certain routes in the network for some
considerable time are also responsible for periods of
transient behavior due to congestions. Thus, such
systems often show suboptimal performance.

In order to overcome this problem, the idea is to opti-
mize the system’s performance on-line by repeatedly
adjusting the system’s parameters properly. This is
referred to as on-line control. In general, on-line con-
trol is either reactive or proactive. The former type
is characterized by adjusting the system’s parame-
ters only after a considerable performance drop is
observed.

Proactive on-line control tries to adjust the system’s
parameters before a performance drop is to occur, in
order to avoid this drop. To this end, the system’s
future evolution is assessed in advance repeatedly.
The instants of time at which the assessment of the
further evolution and adjustment of the parameters
are done are called decision points. The assessment
is done as follows: First, the system’s current state is
copied to several identical system models. For each
of these models, certain values of the system’s param-
eters are set, according to some appropriate policies
that alternatively could control the system. Once the
initialization is done, the models are analyzed in or-
der to assess the future evolution under each policy.
As the system under control typically is complex,
simulation is the only feasible analysis method. This
method is referred to as on-line simulation. With the
results, the policy that leads to the optimal future
performance of the system under control is chosen



to be implemented next, that is, the system is con-
trolled by the chosen policy until the next decision
point. This process is referred to as decision making.

There are several problems encountered with this ap-
proach, such as setting of the decision points, re-
peated validation of the system model (the search
space for the parameters may vary over time) and
proper analysis of the simulation results [2]. As sim-
ulation runs consume much time, the number and the
length of the simulation runs become crucial. Since
the system under control continues to evolve while
the next policy is sought by on-line simulation, fur-
ther problems arise [2]. For a detailed discussion of
on-line simulation and associated proactive on-line
control, see [4].

For some applications of this approach for traffic sys-
tems and (flexible) manufacturing systems, see [7]
and [12, 6, 10], respectively. However, these applica-
tions are by far not suitable for widely adoption to
the real world; they merely employ classical off-line
simulation techniques for on-line use. By now, no
strict theoretical research has been done.

This Work

This work is intended as being a first step towards a
characterization of the dynamics of proactive on-line
control as well as of its impact on operation of the
system under control. We believe that such char-
acterization is an important and yet open problem
that has to be solved in order to be able to assess
the impact of applying on-line simulation on the sys-
tem’s performance before actual application. With
the results of this and future work, we hope that
we will get hints towards theoretical aspects in the
field of on-line simulation. For this purpose, we built
a stochastic Petri net model that simulates on-line
control of a simple open queueing network as it per-
forms by means of on-line simulation. The system
under control is easy to study, since it has known
properties; it can be considered as part of a manufac-
turing system. The on-line control and its associated
on-line simulation are modeled as a stochastic Petri
net as well. Note that both the system under control
and its on-line control are integrated into one single
stochastic Petri net model.

Stochastic Petri nets are widely accepted and ap-
plied as a powerful and concise modeling formalism
for modeling of concurrent systems [11, 5], enabling
qualitative as well as performance analysis. Depend-
ing on the state space of the model, performance
analysis may be conducted by means of analytical
methods, while simulation of a stochastic Petri net
is possible in any case. Since Petri nets have a con-
cise graphical notation, we decided to use stochastic
Petri nets for our work; the resulting model is con-
sidered to be much clearer than many lines of code

in any programming language.

Furthermore, we believe that Petri nets might be a
powerful tool for application in the field of on-line
simulation [1]; however, to our best knowledge, no
such application has been reported in the literature
yet.

The remainder of this paper is organized as follows:
In the next section, the stochastic Petri net model
is presented in detail. Following this, we discuss the
results of experiments conducted with the model. Fi-
nally, we conclude with a review of this work.

THE PETRI NET MODEL

The stochastic Petri net employed in this work is
modeled and simulated using the tool TimeNET [8].
However, the nets depicted in this paper are redrawn
using another tool for sake of readability, since Time-
NET does not show marking dependent arc weights.
For the use of marking dependent arc weights, see
the subsection on on-line control.

The System under Control

The system under control consists of two queueing
systems, that is, two queues Q1 and Q2 with a sin-
gle server each. The two servers denote machines
M1 and M2 with service rates µ1 and µ2; the firing
times of the associated transitions may be determin-
istic or exponentially distributed. As soon as a token
arrives to the system, as modeled by the transition
arrival with exponentially distributed firing times and
arrival rate λ, it will be dispatched to one of the two
queueing systems, where it will be processed. The
dispatching is accomplished by a policy such as ran-
dom choice or JSQ (Join the Shortest Queue). Once
the token is dispatched to one queueing system, no
further jockeying is allowed.

Random Choice

A stochastic Petri net which models the system un-
der control as it implements random choice is shown
in figure 1.

The arriving tokens are dispatched to either server
with equal probabilities due to equal weights associ-
ated with the transitions choice1 and choice2.

JSQ

A stochastic Petri net which models the system un-
der control as it implements JSQ is shown in figure 2.

The places count1 and count2 denote the difference
of the queue lengths regarding Q1 and Q2; they influ-
ence the transitions choice1 and choice2 by inhibitor
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Figure 2: The System under Control Implementing JSQ

arcs according to JSQ. Since we are not interested
in the queue lengths but only in their difference, we
consider a job leaving server M1 by adding one token
to place count2 instead of removing one token from
place count1; note that the latter approach fails in
the presence of the transition empty, while the former
approach leads to a concise model of JSQ.

On-Line Control

A stochastic Petri net which models the system un-
der control as it is controlled by means of on-line
simulation is shown in figure 3.

The stochastic Petri net works as follows:

Each newly arriving token triggers the on-line con-
trol; i.e., the token is not dispatched before the ap-
propriate choice has been made by on-line control.
To this end, the current system state as denoted by
the queue lengths (#Q1,#Q2) is copied to the two
alternative systems as initial states (#S1Q1,#S1Q2)
and (#S2Q1,#S2Q2) for the on-line simulation, re-
spectively; the copying is accomplished using mark-
ing dependent arc weights according to the transi-
tions copyQ1 and copyQ2. Note that the alternative
systems are reset to empty queues before copying,

since former on-line simulation may have left the sys-
tems dirty.

Following this, the on-line simulation is started by
firing of transition start, which adds a new token to
the places S1Q1 and S2Q2, respectively, according
to the two alternatives of dispatching to be evalu-
ated. In terms of the introduction, the on-line sim-
ulation evaluates two policies, where the first one
always chooses the machine M1 for dispatching ar-
riving tokens, while the second one always chooses
the machine M2. Note that further arrivals to the
on-line simulated systems do not occur. The alter-
native of which simulation has completed first (in
that the respective queues are empty) is considered
to be the best choice. This consideration is due to
the limited tractability of the stochastic Petri net
formalism with respect to performance evaluation as
it is integrated as a stochastic Petri net itself. Re-
garding the transitions choice1 and choice2, the stop
condition of the on-line simulation is modeled with
inhibitor arcs, while the concurrency of both transi-
tions is considered by the place P4. The transitions
transfer the token of which arrival triggered the on-
line simulation to either queue Q1 or queue Q2.

The service rates of the transitions SxMx are greater



than that of the transitions M1 and M2 by a factor of
s > 1, which is the speedup of the on-line simulation.
Actually, instead of simulating on-line simulation (it
would be a difficult task to do so since we would
have to specify for each control decision its required
”thinking time” in advance), we simply operate the
system under control at a higher speed. Hence, the
definition of speedup that we use in this work is
quite different from the usual one, which states that
speedup is the factor by which the on-line simulation
is faster than real-time. But since both definitions
are related by some kind of mapping, we expect our
approach to be valid.

While the on-line simulation is being performed, ar-
riving tokens according to the system under control
have to wait in the place in to proceed until the choice
for dispatching is made for the pending token that
triggered the on-line control (as controlled by the
place ready). Thus, the mean number of tokens in
the place in can be used as a measure for the delay
of the system’s operation due to the execution time
of the on-line simulation needed for each token.

Note that the stochastic Petri net model presented
here is simplified for sake of comprehension in that
just one single simulation run is performed with re-
spect to the on-line simulation. In fact, for the exper-
iments we conducted, we used an extended stochastic
Petri net model that employs N simulation runs in
order to make the choice for dispatching according
to one token. For this purpose, the extended model
comprises two additional places (one for each possi-
ble choice) that count the results of each simulation
run concerning what choice is considered to be the
best (just as described above); the place that con-
tains N

2 + 1 tokens first causes the associated choice
to actually be made.

EXPERIMENTAL RESULTS

We use the mean work in progress (WIP) as the per-
formance measure regarding the system under con-
trol; in all experiments, the WIP is computed by
performing steady-state simulation with a confidence
level of 95 percent. The simple system presented
here reaches steady-state even under on-line control,
so our experimental environment is justified. Since
the mean WIP observed in the queues Q1 and Q2
is directly related to the mean waiting time through
Little’s Law [3], smaller values of the WIP imply bet-
ter performance of the control policy.

In the following, we consider four cases regarding the
processing time distributions of the two machines M1
and M2; these cases differ in the variance (i.e., de-
terministic vs. exponential processing times) and in
the ratio of the mean processing times µ−1

1 and µ−1
2

(equality vs. inequality). Note that in case of deter-
ministic processing times, only one simulation run is
needed in order to perform the on-line simulation,
thus N = 1 in these cases.

Balanced Deterministic Case

The results are shown in table 1, where λ = 1.75 and
µ1 = µ2 = 1.0 (with the machines having constant
processing times).

Note that in the case of balanced deterministic pro-
cessing times, JSQ is the optimal policy with respect
to the mean waiting time of the system under con-
trol, since for each machine, the waiting time can
be computed by multiplying the number of waiting
jobs in the queue with the constant processing time
for each job. However, in the experiment, the WIP
resulting from applying on-line control is somewhat
smaller than that resulting from JSQ; this is due to
the simulation error. Basically, the on-line control
leads to optimal performance in this case, just as
JSQ does. In fact, studying the simulation traces
of the experiment, it turns out that the on-line con-
trol just behaves like JSQ. Note, however, that while
JSQ considers the system’s state explicitly in that it
compares the two queue lengths, the on-line control
just selects one of the two simplest policies possible,
which do not consider the system’s state explicitly.
In the latter case, the information about the sys-
tem’s state is implicitly considered when initializing
the on-line simulation to the current state of the sys-
tem under control.

In addition, the experiment yields WIP(in) = 0.003,
given that s = 100; thus, in this case, the execution
time of the on-line simulation has virtually no impact
on the system’s operation, compared to the WIP of
Q1 and Q2.

Balanced Exponential Case

Here, the machines have exponentially distributed
processing times, where, again, λ = 1.75 and µ1 =
µ2 = 1.0. The results are shown in table 2 regarding
the random choice and JSQ policies and in table 3
regarding the on-line control under different settings
with respect to N and s.

It can be observed that generally, the results ob-
tained by means of on-line control get better, the
more simulation runs are performed regarding the
on-line simulation. Quite clearly, this is because of
the stochastic nature of the processing times associ-
ated with the machines. However, with N increasing,
the time needed for performing the on-line simulation
becomes crucial to the quality of the on-line control.
At this point, the speedup of the on-line simulation
becomes important, where larger speedup allows for
performing more simulation runs according to a fixed



Table 1: Results for the Balanced Deterministic Case

Random Choice JSQ On-Line Control
WIP(Q1) 3.88 2.42 2.35
WIP(Q2) 3.95 2.42 2.35
Σ 7.83 4.84 4.70

Table 2: Results for the Balanced Exponential Case (1)

Random Choice JSQ
WIP(Q1) 7.02 3.95
WIP(Q2) 6.99 3.98
WIP(in) — —
Σ 14.01 7.93

time period.

The results show that also in this case, on-line con-
trol is able to perform as optimal as JSQ does [9],
although a considerable number of simulation runs
concerning the on-line simulation is needed, requir-
ing an appropriate speedup. However, the WIP ac-
cording to the place in is not negligible anymore,
implying that the on-line simulation has a serious
impact on the system’s operation in that it causes
a considerable number of tokens to wait before pro-
cessing.

Note that in case of N = 5 and s = 100, the WIP
regarding the place in is about two third of the WIP
regarding Q1 and Q2 (with this ratio being consider-
ably greater than in other cases); however, the total
WIP is similar to the WIP resulting from applying
JSQ. Thus, the on-line control performs quite well
despite of its specific dynamics as measured by ob-
serving WIP(in). In addition, in case of N = 15 and
s = 1000, the total WIP is similar to the WIP result-
ing from JSQ, too, while the speedup is considerably
larger.

However, large speedup may lead to several problems
concerning statistical analysis of the simulation re-
sults [1]: While the execution time needed for on-line
simulation is reduced as the speedup increases, con-
current validation of the employed simulation models
may still be necessary; however, certain events that
will possibly occur while the system under control
continues to operate, causing the real-time data to
be updated, may become rare with respect to the
on-line simulation, while the data updates have to
be considered by the validation process.

Thus, small speedup leads to the problem of incor-
rect decision making due to the system’s evolution
while the on-line simulation is being performed, while
large speedup may lead to incorrect decision making

due to incorrect simulation results; quite clearly, this
stresses the need for research on a trade-off regarding
the speedup and the accuracy of on-line simulation.

Unbalanced Deterministic Case

The results are shown in table 4, where λ = 1.75 and
µ−1

1 = 1.5, µ−1
2 = 0.5. In this case of unequal mean

processing times, we additionally give results for the
throughputs τ of the machines M1 and M2, since
they imply the ratio of the jobs’ splitting between
the machines.

Note that in the case of random choice, we adjusted
the weights associated with the transitions choice1
and choice2 (see figure 1) in that arriving jobs are
now dispatched to the slower machine M1 with a
smaller probability and vice versa. With this exper-
iment’s settings, the probability of choosing the first
machine is 0.25, whereas that of choosing the sec-
ond one is 0.75, corresponding to the reciprocal of
the ratio of the mean processing times. (Note that
while this is an obvious adjustment, it is not optimal
with respect to the sum of the mean waiting times.)
As result, the throughputs’ ratio is that of the dis-
patching probabilities, while the WIP of Q1 and Q2
is evenly split.

When comparing the results regarding JSQ to those
regarding the on-line control, the following observa-
tions can be made: First, the ratio of the through-
puts in case of on-line control is greater than that
in case of JSQ by a factor of four; second, the main
portion of the WIP in case of JSQ is related to Q1,
while it is to Q2 in case of on-line control. This is due
to the fact that JSQ only relies on the queue lengths;
however, longer queues in front of faster servers may
be processed in less time than shorter queues in front
of slower servers, depending on the ratio of the mean
serving times as compared to the ratio of the queue



Table 3: Results for the Balanced Exponential Case (2)

On-Line Control
N = 1
s = 100

N = 5
s = 100

N = 15
s = 100

N = 15
s = 1000

WIP(Q1) 4.99 3.20 1.90 3.96
WIP(Q2) 4.98 3.00 1.90 3.73
WIP(in) 0.12 2.15 18.00 0.26
Σ 10.09 8.35 21.80 7.95

Table 4: Results for the Unbalanced Deterministic Case

Random Choice JSQ On-Line Control
WIP(Q1) 1.25 1.31 0.29
WIP(Q2) 1.26 0.84 1.62
Σ 2.51 2.15 1.91
τ(M1) 0.43 0.54 0.18
τ(M2) 1.30 1.18 1.56

lengths. While JSQ cannot consider this fact, on-line
control can thanks to the on-line simulation. This
leads to the on-line control performing better than
JSQ, thus being the optimal policy in this case.

Unbalanced Exponential Case

Here, the machines have exponentially distributed
processing times, where, again, λ = 1.75 and µ−1

1 =
1.5, µ−1

2 = 0.5. The results are shown in table 5 re-
garding the random choice and JSQ policies and in
table 6 regarding the on-line control under different
settings with respect to N and s. (Note, however,
that these settings are slightly different from that of
the balanced case.) Again, the dispatching probabil-
ity regarding the machine M1 is three times smaller
than that regarding the machine M2 in case of ran-
dom choice.

The results show that in case of stochastic process-
ing times, performing one single simulation run with
respect to on-line simulation is senseless; in this ex-
periment, the on-line control even causes the system
under control to become unstable, which is due to
the fact that the on-line control randomly overloads
one of the two machines because of insufficient future
projection accuracy. (In this case, the steady-state
simulation that we performed is senseless.) With
several simulation runs, however, the on-line control
performs nearly as good as JSQ. Note that also in
this case, the WIP of the place in becomes significant
as the number of simulation runs increases, given a
fixed speedup; in fact, the WIP regarding in is about
one fifth of the total WIP, although the speedup is
s = 1000.

CONCLUSION

In this work, we built a stochastic Petri net that
models on-line control as it performs by means of
on-line simulation; for sake of conciseness, both the
system under control and its on-line control were in-
tegrated into one single stochastic Petri net model.
As the system under control, we employed a simple
open queueing network consisting of one arrival pro-
cess and two service processes, where the dispatching
of arriving jobs to one of the two servers is subject
to one of the policies random choice, JSQ and on-
line control. Since our aim was to study basic as-
pects of on-line control, we confined ourselves to a
simple system under control with known properties.
We conducted several experiments with this model,
varying the processing time distributions associated
with the two machines. With these experiments, we
studied the impact of the speedup and the number
of simulation runs employed in the on-line simulation
on the performance of the on-line control.

It turned out that JSQ always outperforms random
choice (as expected), while the on-line control per-
forms quite as good as JSQ. In case of unbalanced
deterministic processing times, the on-line control
even turned out to be optimal, despite of the sim-
ple evaluation method of emptying the queues. This
is considered as a strong hint towards the profitable
applicability of on-line simulation to manufacturing
systems, although the system under control that we
used here is indeed very simple.

Despite of this simplicity, our experiments lead to an
important observation that may turn out to reveal a
major issue in the application of on-line simulation:



Table 5: Results for the Unbalanced Exponential Case (1)

Random Choice JSQ
WIP(Q1) 1.91 1.79
WIP(Q2) 1.92 1.16
WIP(in) — —
Σ 3.83 2.95

Table 6: Results for the Unbalanced Exponential Case (2)

On-Line Control
N = 1
s = 100

N = 5
s = 100

N = 5
s = 1000

N = 15
s = 1000

WIP(Q1) (unstable) 1.01 1.19 0.56
WIP(Q2) (unstable) 1.65 1.79 2.04
WIP(in) (unstable) 0.32 0.03 0.64
Σ — 2.98 3.01 3.24

While on-line simulation generally leads to higher
performance of the on-line control as it is performed
with larger speedup (since the system’s ongoing evo-
lution becomes negligible), it may still perform quite
well with smaller speedup (or similarily, with more
simulation runs). Facing the risk of statistical insta-
bility in case of large speedup due to rare events of
the system under control, one may benefit from small
speedup compared to fast on-line simulation. How-
ever, small speedup (or similarily, a large number of
simulation runs) may affect the system’s operation;
in our experiments, the WIP related to the incoming
place considerably increased. Thus, the experimen-
tal results give hints towards the need for a trade-off
for on-line simulation regarding its execution time
and its accuracy, where great care has to be taken
in case of large speedup with respect to statistical
stability.

Furthermore, the results give hints that it is not suit-
able to trigger on-line control for every single job,
since the impact on the system’s operation may be-
come undesirably great; instead, the on-line simula-
tion should cover the short-term future of the sys-
tem’s evolution in that it includes arrival processes
as well. In this approach, the policies subject to de-
cision making would be assessed regarding their im-
pact on the system’s performance every time a cer-
tain decision point is reached, as discussed in the
introduction.
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Figure 3: Control via On-Line Simulation
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