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Abstract. The inference of performance models from low-level location
tracking traces provides a means to gain high-level insight into customer
and/or resource flow in complex systems. In this context our earlier work
presented a methodology for automatically constructing Petri Net per-
formance models from location tracking data. However, the capturing of
synchronisation between service centres – the natural expression of which
is one of the most fundamental advantages of Petri nets as a modelling
formalism – was not explicitly supported. In this paper, we introduce
mechanisms for automatically detecting and incorporating synchronisa-
tion into our existing methodology. We present a case study based on
synthetic location tracking data where the derived synchronisation de-
tection mechanism is applied.
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1 Introduction

The proliferation of GPS-enabled mobile devices, RFID tags and high-precision
indoor location tracking systems has led to the widespread availability of de-
tailed low-level data describing the movements of customers and/or resources.
One way to practically exploit this data in order to gain insight into high-level
system operation is to automatically derive a performance model in the form of
a queueing network [8] or Stochastic Petri Net [1].

Such models enable us to extract useful information about customer and
resource flow and to identify possible bottlenecks in the underlying system. Once
a realistic and accurate model has been constructed it can be also used as a
predictive tool; for example, the model can be modified to examine the system’s
performance under hypothetical scenarios, i.e. addition/removal of resources or
increased workload.



Our earlier work [1] has presented a methodology which is able to automati-
cally construct Generalised Stochastic Petri Net [2, 9] performance models from
raw location tracking data. However, synchronisation between service centres
was not explicitly captured. This is a serious deficiency since many physical
customer processing systems such as hospitals, airports and car assembly lines
exhibit many instances of synchronisation. For example, if we consider a treat-
ment room in a hospital, the examination of a patient cannot occur without the
presence of a doctor. Thus, the purpose of the present paper is to introduce a
mechanism for automatically detecting and incorporating synchronisation into
our existing methodology.

Fig. 1. The four-stage data processing pipeline as in [1].

Our existing methodology is based on a four-stage data processing pipeline
(see Figure 1). The first stage of the pipeline performs some basic data filtering.
The second stage is responsible for inferring the locations and radii of service
areas in the system. The third stage constructs a set of places and transitions to
represent customer flow in the system. Sojourn time samples for each customer



processed within each service area are also extracted, and separated into waiting
time and service time. Likewise, travelling time samples between pairs of service
areas are extracted. Finally, a simple counting mechanism is used to calculate
the initial routing probabilities of the customers in the system. The fourth stage
uses the G-FIT tool [10] to fit a Hyper-Erlang distribution (HErD) [6] to the
extracted service time and travelling time samples and refines both the structure
and parameters of the model accordingly. The inferred model is stored in the
portable PNML format [3] and can be visualised using PIPE2, an open source
platform independent Petri Net editor[4], amongst other tools.

Fig. 2. A high-level description of the third stage of the processing pipeline before (left)
and after (right) the incorporation of the synchronisation detection mechanism.

Here we focus on the third stage of the data processing pipeline. As shown in
overview in Figure 2, and as described in detail in Section 2, we expand this stage
by specifying an additional task which detects synchronisation between service
areas. Section 3 presents a case study based on synthetic location tracking data
generated using an extended version of LocTrackJINQS [7]. Section 4 concludes
and considers future work.

2 Synchronisation Detection Mechanism

Our aim is to construct a conservative scheme to determine whether the pro-
cessing of customers at each service area is subject to some synchronisation
conditions (expressed as conditions on the number of customers present within
other service areas) at certain time points. To this end, we have designed three
functions (see Algorithms 1, 2 and 3) that can be applied together to perform
the synchronisation detection task.

To formalise our approach, we introduce some notation:

– N is the total number of service areas inferred from the second stage of the
processing pipeline,



– P = {P1, P2, . . . , PN} is the set of inferred service areas (subsequently rep-
resented by places in the derived Petri net model),

– Ci = {c
(1)
i , c

(2)
i , . . . , c

(ni)
i } is the multiset1 of all customers processed by Pi,

with ni = |Ci|,

– e
(j)
i is the timestamp of the entry of c

(j)
i into Pi,

– s
(j)
i is the service initiation timestamp of c

(j)
i , and

– f
(j)
i is the service termination timestamp of c

(j)
i .

– Mi(t) is the number of customers present on service area Pi at timestamp t.
This is also referred to as the marking of Pi at time t.

– Mi(t1, t2) is the maximum number of customers observed on service area
Pi during the time interval [t1, t2). This is also referred to as the maximum
marking of Pi during the time interval [t1, t2).

Given a service area Pi, we consider the processing of each customer that
receives service there in turn. Our approach is based on finding evidence – for
each customer – that its processing may have been dependent on the presence of
customers on other service areas. This evidence has two components: one is the
maximum marking observed on each of the other service areas during the interval
during which the customer was serviced; the other is the marking observed on
each of the other service areas at the instant of termination of the customer’s
service. These two components are combined across all customers processed by
Pi – taking into account of the possibility of error and noise – to yield the likely
synchronisation conditions of service at Pi

2. Formally:

Definition 1. The jth customer c
(j)
i ∈ Ci is said to receive service at Pi with

possible synchronisation from each service area Pk, k = 1, . . . , N and k 6= i, if:

Mk(s
(j)
i , f

(j)
i ) > 0, (1)

and
Mk(f

(j)
i ) > 0 (2)

Definition 2. Synchronisation between server Pi and server(s) Pk, k = 1, . . . , N
and k 6= i, is inferred if the synchronisation percentage sp defined as,

sp(i, k) =
|{c

(j)
i | Mk(s

(j)
i , f

(j)
i ) > 0,Mk(f

(j)
i ) > 0, j = 1, . . . , ni}|

ni

(3)

satisfies
sp ≥ sthresh (4)

where sthresh is the hypothesis acceptance threshold.

The value of the acceptance threshold (typically in the range [0.8, 1]) can be
chosen according to factors such as the precision of the location tracking system
used, tag update rate and topology of the system being modelled.

1 Thus supporting the possibility of multiple service periods for the same customer.
2 Here we assume a single class of customers. It is straightforward to apply the com-
bination across each customer class in a scenario with multiple customer classes.



2.1 Algorithm Description

Algorithm 1 and Algorithm 2 present auxiliary functions that straightforwardly
compute Mk(t) and Mk(ts, tf ) respectively.

The main function, computeSynchronisation (see Algorithm 3), is applied
in turn to every service area Pi ∈ P . There are two phases in this algorithm. In
the first phase (see lines 4 to 12) we construct the csmMatrix, which describes
the possible set of synchronisation dependencies between the service of customer
j at Pi, and the markings of the other service areas. In this phase, for each Pk,
i 6= k, we also count the number of customers for which a potential synchronisa-
tion was observed, during their service at Pi. In the second phase (see lines 13
to 18) we calculate sp(i, k) and if its value exceeds the value of sthresh we com-
pute the synchronisation marking on Pk required to support service at Pi. This
is computed as a low percentile of the set of synchronisation markings; this is
preferred to simply taking the minimum because it is more robust to measure-
ment errors inherent in location tracking systems. This percentile is determined
by the function percentile(M,α) (see line 16, Algorithm 3) which computes
the αth percentile of the set M .

Algorithm 1 : M(k,t) : int

1: marking � 0
2: for j = 1 to nk do

3: if c
(j)
k was present in Pk at t then

4: marking � marking + 1

5: end if

6: end for

7: return marking

Algorithm 2 : M(k,ts,tf) : int

1: maxMarking � M(k,ts)

2: for j = 1 to nk do

3: if ts ≤ e
(j)
k < tf then

4: instMarking �M(k, e
(j)
k )

5: if instMarking > maxMarking then

6: maxMarking � instMarking

7: end if

8: end if

9: end for

10: return maxMarking

If we assume that ∀i, ni = n, then the worst-case time complexity of the
function computeSynchronisation and synchronisation detection for the entire



Algorithm 3 : computeSynchronisation(i,sthresh ) : int[N]

1: customersWithSynch � new int[N] = {0,0,...,0}
2: synchMarking � new int[N] = {0,0,...,0}
3: csmMatrix � new int[ni][N] = { {0,0,...,0}, {0,0,...,0}, ...,

{0,0,...,0} }
4: for j = 1 to ni do

5: for k = 1 to N do

6: if k == i then continue

7: csmMatrix[j][k] � min(M(k, s
(j)
i ,f

(j)
i ),M(k,f

(j)
i ))

8: if csmMatrix[j][k] > 0 then

9: customersWithSynch[k] � customersWithSynch[k] + 1

10: end if

11: end for

12: end for

13: for k = 1 to N do

14: if k == i then continue

15: if customersWithSynch[k] / ni ≥ sthresh then

16: synchMarking[k] � percentile({csmMatrix[1][k],. . .,csmMatrix[ni][k]},5)
17: end if

18: end for

19: return synchMarking

network are O(N ·n3) andO(N2 ·n3) respectively. Based on the same assumption,
space complexity is bounded above by the size of csmMatrix (see Algorithm 3)
and is O(N · n).

Whenever synchronisation is detected involving the processing of customers
at Pi, the corresponding service time samples of those customers need to be
adjusted to take into account the proportion of time during which the synchro-
nisation condition(s) are satisfied. This is because we assume that service only
progresses when the synchronisation condition(s) are met.

2.2 Synchronisation Representation in our Models

After synchronisation between service areas is detected, it needs to be incorpo-
rated into the GSPN performance model that is constructed during stage four
of the data processing pipeline.

Considering the place representing Pi and its outgoing service transition ti,
then for every place representing Pk such that synchMarking[k] > 0, we con-
nect Pk to ti using a double-headed arc between Pk and ti with weight equal to
synchMarking[k]. We use this representation since we are dealing with location
tracking environments where customer entities are preserved.

In [1] we described how we fit a HErD to the extracted service time samples
of each service area. We represent each HErD by substituting each transition
created in the first task of the third stage by a GSPN subnet, as shown in Fig-
ure 3. Now this representation is slightly altered to incorporate synchronisation,
when detected.



Fig. 3. Replacement of a transition by a GSPN subnet reflecting the fitted HErD
(general form).

Let us consider just the transition T3 in Figure 4 to demonstrate how the
synchronisation between P2 and P1 is constructed.

Fig. 4. Modelling synchronisation between server places P1 and P2 with P2 being the
synchronising place with a synchronisation marking equal to two.

In order to preserve the synchronisation condition on T3 as shown in Figure 4,
we need to connect P2 to every immediate transition on the left-hand side of the
subnet with arcs – one for each immediate transition – of weight two. Similarly, in
order to preserve the number of tokens in P2 we need to connect every immediate
transition on the right-hand side of the subnet to P2 with arcs of weight two.
Assuming that T3 was replaced by a subnet reflecting a four-state HErD with two
Erlang branches, each with two states, the resulting model is shown in Figure 5.

3 Case Study

In this section we conduct a case study to test and demonstrate the developed
synchronisation detection mechanism. For this case study we have generated
location tracking data using an extended version of LocTrackJINQS [7], which
supports synchronisation between pairs of service areas.



Fig. 5. Modelling synchronisation between places P1 and P2, using a GSPN subnet.
Service initiates at P1 only if P2 is marked with at least two tokens and P1 with one.

We present the results for the server location and service radii inference, the
synchronisation detection mechanism and the service time distribution fitting
(adjusted for synchronisation). Figure 6 shows the experimental setup for the
case study and the flow of customers in the system (indicated by arrows). The
simulation takes place in a virtual 25m× 25m environment and the customers are
assumed to travel within the system with speed drawn form a normal distribution
with mean 0.5 m/s and standard deviation 0.15 m/s. The location update error,
which emulates the standard error of a real-life location tracking system, is also
normally distributed with mean 0.15m and standard deviation 0.2m.

Server Service Service Time
Location Radius Density

S1 (8.0,5.0) 0.5 Erlang(2, 0.1)

S2 (8.0,15.0) 0.7 Exp(0.1)

S3 (16.0,5.0) 0.6 Erlang(4, 0.3)

S4 (16.0,15.0) 0.5 HErD(2, 3; 0.5, 0.5; 0.08, 0.12)

Table 1. The parameters for each service area in the system, for this case study. The
parameters of the HErD represent the phase lengths, weights and rates for each branch
respectively, separated by a semi-colon.

Each service area consists of a single customer processing server and has a
random customer service discipline. Service areas S2 and S3 require at least
one customer to be present in service areas S1 and S4 respectively in order



to service their customers. The service time for each server follows a different
density function. The actual location and service radius of each service area as
well as its service time density can be seen in Table 1.

Fig. 6. The experimental setup in terms of abstract system structure. The arrows
represent the customer flow in the system and the branching to S1 and S2 occurs with
equal probabilities. The service areas contained in the dotted red rectangles Synch1 and
Synch2 are subject to synchronisation. The synchronisation condition is represented by
the dotted red arrow. Its source indicates the synchronising service area and its target
the service area to be synchronised. The number of customers required to be present
in the synchronising service area so that service can be supported in the synchronised
service area is denoted by the weight of the dotted red arrow.

3.1 Results

The inferred locations and service radii of the service areas as well as the error
between these and their actual values, are depicted in Table 2. From these results
we can see that the location and radii of the service areas are approximated very
well. The maximum error for the location inference is 0.214 metres and for the
service radius approximation is 0.175 metres.

For the evaluation of the sample extraction and HErD fitting process we con-
duct a Kolmogorov–Smirnov test, to examine the compatibility of the extracted



Server Location Service Radius

Real Inferred Error Real Inferred Absolute Error

S1 (8.0,5.0) (7.856,4.989) 0.144 0.5 0.566 0.066

S2 (8.0,15.0) (7.963,14.947) 0.199 0.7 0.839 0.139

S3 (16.0,5.0) (16.124,4.964) 0.129 0.6 0.759 0.159

S4 (16.0,15.0) (16.021,14.961) 0.214 0.5 0.675 0.175

Table 2. The inferred location and service radius for each server in the system accom-
panied with the absolute error, for each case study.

Service Time Fitted HErD
Density Parameters

Phase Lengths Rate (3 d.p.) Weights (3 d.p.)

S1 Erlang(2, 0.1) 4 0.222 1.0

S2 Exp(0.1) 1 0.118 1.0

S3 Erlang(4, 0.3) 2, 4, 4 0.052,0.311,23.232 0.153,0.780,0.067

S4 HErD(2,3;0.5,0.5;0.08,0.12) 3 0.136 1.0

Table 3. The parameters of the HErD fitted for each server’s service time density. The
parameters of the HErD represent the phase lengths, weights and rate for each branch
respectively, separated by a semi-colon.

service time samples for each service area with its best-fit HErD (see Table 4).
Similarly to [1], we enumerate all possible HErDs up to a maximum number
of states. This number is set equal to ten, i.e. N = 10, for all cases where the
coefficient of variation of the extracted sample is greater than 0.4 and twenty
five, i.e. N = 25, when it is less. The best-fit HErD is chosen using the Akaike
Information Criterion (AIC) [5].

Figure 8 shows the constructed GSPN performance model in compact tran-
sition form. We observe that the structure of the inferred model matches the
structure of the abstract simulated system. The transitions between pairs of
server places (places that correspond to the service areas) represent the travel-
ling time for each particular pair. The weights of the immediate transitions T1

and T0 are 0.457 and 0.543 respectively, approximately matching the simulated
routing probabilities of the customer flow which are 0.5 and 0.5. In the model we
can also see the constructed synchronisation between S2 and S1 (synchronising
service area) as well as between S3 and S4 (synchronising service area).
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Fig. 7. Case Study 2: Graphs 7(a), 7(b), 7(c) and 7(d) show the cumulative histogram
of the extracted service time samples (adjusted for synchronisation for S2 and S3) and
its best-fit hyper-Erlang distribution compared with the theoretical distribution for S1,
S2, S3 and S4 respectively.

4 Conclusion

This paper has presented a mechanism for synchronisation detection between
customer-processing service areas in a system. This mechanism has been imple-
mented as a new component of our existing methodology which automatically
constructs GSPN performance models from location tracking data. We conjec-
ture that our methodology can be applied to a large variety of systems whose
underlying GSPN structure includes extended free choice (EFC) nets. An exam-



S1 Test Statistic 0.1268
α 0.1 0.05

Critical Values 0.2076 0.2307
Compatible ? Yes Yes

S2 Test Statistic 0.1074
α 0.1 0.05

Critical Values 0.1914 0.2127
Compatible ? Yes Yes

S3 Test Statistic 0.0861
α 0.1 0.05

Critical Values 0.0.2141 0.2378
Compatible ? Yes Yes

S4 Test Statistic 0.0921
α 0.1 0.05

Critical Values 0.1938 0.2153
Compatible ? Yes Yes

Table 4. Kolmogorov-Smirnov test at significance levels 0.1 and 0.05 applied to the
extracted service time samples (adjusted for synchronisation) for each service area
in the case study. The null hypothesis is that the extracted samples belong to the
corresponding best-fit HErD.

Fig. 8. Visualisation of the inferred GSPN performance model for the case case study
(in compact transition form).

ple of a real-life situation where this methodology could be successfully applied
is a Magnetic Resonance Imaging (MRI) unit of a hospital. The MRI control
room is physically separate from the MRI chamber and requires a radiologist
to operate it; the patient screening process cannot initiate if a radiologist is not
present in the control room.



The case study results indicate that the developed methodology can infer
the stochastic features and the presence of synchronisation in simple systems
accurately, at least when synthetically-generated location tracking data is used.

Our current work has made several assumptions, i.e. one customer class,
single-server semantics and random service discipline. In our future work we
wish to relax them. We aim to use Coloured Generalised Stochastic Petri Nets
(CGSPNs) to enable the support of multiple customer classes as well as pri-
oritised service disciplines. Using CGSPNs we could also improve the accuracy
of our models since we can use transitions that change the colour of the to-
ken (upon their firing) and thus control the routing of customers as they pass
through various processing stages.
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