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Abstract—Accurate modelling of primary system activity is
key to reliable performance evaluation of dynamic spectrum
access (DSA) technologies. Measurements on spectrum use show
that in some cases the lengths of the vacant periods in a given
frequency band can be correlated, a feature commonly used
semi-Markov ON/OFF-models cannot reproduce. In this paper
we study the stochastic properties of a simple primary system
activity model constructed by aggregating the realisations of
several semi-Markov ON/OFF-models. We show that despite
its simplicity, our model does result in the desired correlations
provided heavy-tailed distributions are used for the period length
distributions of the individual processes. We also study in detail
the statistical behaviour of our model as parameters such as
number of processes being aggregated and distributions of the
period lengths are changed. The results show that by suitable
parameter selection wide range of behaviours can be modelled,
making the model of interest in performance evaluation of
algorithms and protocols for DSA networks.

I. I NTRODUCTION
Dynamic spectrum access (DSA) is emerging as a promising
technology for reclaiming some of the licensed but currently
unused spectrum [1], [2]. Reliable detection of the presence of
the primary user (PU) whom the spectrum band is licensed to
by means of spectrum sensing is important to guarantee good
performance for both the primary as well as the secondary
user, that is, the system performing DSA. Understanding the
statistical behaviour of the spectrum use of the primary is key
to reliable and efficient sensing.
Geirhofer et al. have shown in [3] empirically that the
spectrum use in WLAN-systems can be modelled by means
of a semi-Markov ON/OFF-process. In such a model a given
channel is either occupied (ON) or vacant (OFF), with lengths
of the ON- and OFF-periods being random variables following some specified distributions. Geirhofer et al. have fitted
the Hyper-Erlang distribution to the WLAN-case. In earlier
work [4] we investigated further primary user technologies
using a more generic measurement approach.
Semi-Markov models have also been applied in theoretical
work especially under the assumption of independent and
geometrically distributed lengths of the ON- and OFF-periods
(see, for example, [5]–[7]). In [4] we showed that the lengths

of successive ON- and OFF-periods are sometimes independent, but this does not hold for all technologies. Indeed, for
several bands correlations between successive period lengths
were observed. Additionally, the distributions of the periods
were often found to be heavy-tailed instead of geometric.
These results show that there is clear need for simple
primary user activity models featuring correlated ON- and
OFF-period lengths with heavy-tailed marginal distributions.
In this paper we propose a simple model in which individual
primary users are still modelled as binary ON/OFF-processes
with i.i.d. period lengths. We then assume that we observe a
superposition of such processes, that is, the channel is sensed
as occupied if any of the individual processes is in the ONstate at sensing time. This is motivated by several spectrum
sensing techniques, e.g., energy detection [8], which cannot
provide the number of active primary users but determine a
channel as being occupied if there is even a single active
primary user in the sensing range. Our model also resembles closely commonly used techniques for generating selfsimilar traffic models for network performance evaluation [9].
We show that such a simple model can qualitatively reproduce correlations between successive OFF-period lengths (key
statistic for reliability of spectrum sensing) while retaining the
observed heavy-tailed period lengths.
The rest of the paper is structured as follows. In Section II
we briefly recall results from our earlier work on the statistics
of present-day primary user technologies. Our focus will
specifically be on the features that earlier models were unable
to replicate motivating the present work. We then describe our
system model in more details in Section III, also drawing parallels to earlier applications of similar models in networking
research. The statistics of the model are then studied by means
of a simulation approach described in Section IV, with results
given in Section V. Finally, we draw conclusions and outline
future work in Section VI.
II. M EASURED S TATISTICAL P ROPERTIES
We measured spectrum use in various spectrum bands at
several locations in Germany and Netherlands over longer time
durations of multiple days up to two weeks [10], [11]. During
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Fig. 1. Average autocovariance of the time series of consecutive OFF-period
lengths ϕL of a selected GSM1800 uplink channel as measured at a location
in Maastricht, Netherlands.

the detailed analysis of the gathered data we also evaluated
the length of the ON- and OFF-periods of each measurement
channel. Since we measured the received signal power and
applied energy detection we cannot differentiate between individual primary users and focused on the aggregated process.
In [4] we reported that ON- as well as OFF-period lengths
may be correlated over time. Here, we focus on the OFFperiods since they are more interesting in a DSA scenario. Let
ϕL denote the autocovariance function (ACV) of consecutive
OFF-period lengths:
1
ϕL (m) =
N − |m|
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Ln − L ,

n=0

(1)

m ≥ 0.
where Ln is the length of the n-th OFF-period. In total,
the trace under study consists of N OFF-periods with average
length L.
We examined multiple different technologies in [4] but show
results for two uplink channels of the Global System for
Mobile Communication in its flavour working at 1800 MHz
(GSM1800) as examples in Figure 1. In order to decide if
a autocovariance result describes a significant deviation from
random behaviour it is often compared to a significance threshold τ , which depends on the number of available samples
N [12]:
1.96
(2)
τ= √ .
N
We also included τ to Figure 1. Additionally, we list the
duty cycle (DC) for both cases, which is the fraction of
time during which the received power was above the selected
energy detection threshold [8]. In our scenario, we applied
the detection threshold γ =-107 dBm/200 kHz, as it has been
proposed at the beginning of the IEEE 802.22 standardization
for the detection of wireless microphones [13].

The ACV for trace two with high DC does rarely pass the
significance threshold showing that consecutive OFF-periods
could be modelled as independent and identically distributed
(i.i.d.) random variates. In contrast, in case one, an i.i.d.
modelling would be less appropriate due to the rather clear
correlations between adjacent OFF-period lengths. We found
similar results especially for the OFF-period lengths in cases
with low DC and only few and short ON-periods [4].
For most of these traces the distribution of OFF-period
lengths could be fitted well to log-normal distributions with
significantly higher probability for very long OFF-periods
compared to the commonly used exponential or geometric
distributions.
III. S YSTEM M ODEL
Our system model closely reflects the measurement setup
discussed in the previous section. We assume that spectrum
occupancy is measured in binary fashion (ON/OFF) in discrete
time. We further assume the presence of n primary users,
each modelled as statistically identical semi-Markov ON/OFFprocess. If any of the primary users is in the ON-state at
a given time instant, spectrum is taken as being occupied,
that is, to be in the ON-state. This way the overall spectrum
occupancy is modelled as an ON/OFF-process obtained as
a logical OR of the individual processes as illustrated in
Figure 2. The parameters of the model are the total number
of primary users, and the distributions of the ON- and OFFperiods of the individual primary user activity models, which
we assume to be identical for all primaries for simplicity.
The model studied in this paper is heavily motivated by a
well-known network traffic model. Numerous measurements
have shown that the total amount of traffic observed at a
fixed point in a fixed network is often self-similar, that is,
the autocovariance function of the traffic volume follows a
power law [14], [15]. As shown in [9], such a self-similar
behaviour can be reproduced by assuming individual nodes as
following a semi-Markov ON/OFF-process with heavy-tailed
distributions for the ON- and OFF-periods. When in ON-state
a node generates traffic at constant rate, while in OFF-state
no traffic is produced. The observed process is the arithmetic
sum of the traffic volumes produced by the individual nodes,
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Fig. 3. Average autocovariance of the time series of consecutive OFF-period lengths simulated for an aggregated ON/OFF-process. The individual primary
users have each DC ≈ 24% (DL-scenario). The Pareto shape parameter k for the OFF-periods of the individual primary users is k = 1.1.

which can be shown to be self-similar by analytic means.
The key difference between our model and the network traffic
model is in the way the aggregation is performed. In our
case logical OR is used, whereas simple summation is carried
out in the latter case. We shall study in the following by
means of Monte Carlo simulations whether this change affects
the desired properties of the model, that is, the capability
of introducing correlations between successive OFF-period
lengths of the superimposed process while retaining heavytailed distributions for the period lengths.
IV. S IMULATION M ODEL
We ran extensive simulations in order to evaluate the autocovariance properties of a superimposed process and the impact
of selected system parameters. The binary activity pattern

of each primary user is generated separately while assuming
that all have the same statistical characteristics. We use the
Pareto-distribution with probability distribution function f (x)
to model ON- and OFF-period lengths:
xkm
, x ≥ xm ,
(3)
xk+1
where k is usually referred to as the shape parameter
and xm is known as the scale parameter of the Paretodistribution. We did additional tests using log-normal and
geometric distributions. However, in the following we will
focus on the case with Pareto-distributions applied to both
ON- and OFF-period lengths.
We differentiate two scenarios, namely the downlink (DL)
and the adhoc (AH) case. Table I summarizes the simulation
f (x) = k

Fig. 4. Average autocovariance of the time series of consecutive OFF-period lengths simulated for an aggregated ON/OFF-process. The individual primary
users have each DC ≈ 8.5% (AH-scenario). The Pareto shape parameter k for the OFF-periods of the individual primary users is k = 1.1.

parameters for both. The major difference is the lower DC
in the AH-scenario that allows to add more primary users
before the primary system fully loads the channel and no
opportunities for secondary access are left.
The binary ON/OFF-processes generated per primary user
are aggregated using an OR-operation as discussed in Section III. In the DL-simulations we used traces of 2.5 million
binary samples and traces of 1.5 million samples for the
AH scenarios, respectively. We ran S = 25 simulations per
parameter set and averaged the results across all simulation
runs, e.g.:
S
1
ϕL (m) =
ϕL,i (m).
(4)
S i=1
V. R ESULTS
We investigate ϕL for the OFF-periods and its dependence
on the number of primary users. Figure 3 shows that consecutive OFF-period lengths are more or less independent
if only very few primary users are active. This result is
expected because single OFF-period lengths and also the OFFperiods of different primary users are generated independently.
However, correlations will emerge if the number of primary

users is further increased. These are especially clear for short
lags of few OFF-period lengths.
If the number of primary users increases further ϕL starts
to drop again. At the same time the significance threshold
τ increases. The latter result is caused by the very high
DC of the trace aggregated from more than approximately
12 primary user traces. The channel is free only for very
short OFF-periods and also the number of these OFF-periods
decreases significantly. Additionally, the variance of the OFFperiod lengths that occur in these aggregated traces is low
limiting the ACV due to its inherent mean-correction.
If we lower the DC per primary user the effect is slightly
clearer as can be seen from Figure 4. More primary users
can be accommodated due to the lower load per user but
the underlying effect is the same. Additionally, the highest
correlation occurs again for approximately 12 primary users.
Thus, the emergence of the correlation seems to be rather
independent of the primary user DC as long as some capacity
is left for secondary operation.
Figure 5 evaluates the effect of the Pareto-shape parameter k
used to generate OFF-period lengths. For very low parameter
values more users are required to induce the correlation-
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Fig. 5. Average autocovariance at lag 1 of the time series of consecutive
OFF-period lengths simulated for an aggregated ON/OFF-process. The impact
of the number of nodes and the shape parameter k of the Pareto-distribution
of the OFF-period lengths are compared. The individual primary users have
each DC ≈ 24% (DL-scenario).

effect. This is probably caused by the infinite variance of
the distribution and, thus, a not negligible probability to get
very long OFF-periods. The impact of these extremely long
periods is strong enough that a higher number of primary
users is required to change the characteristics of the aggregated
process.
The effect is also present if the Pareto- is replaced by a
log-normal distribution although it is slightly less explicit. The
log-normal distribution is more heavy-tailed than a geometric
distribution but its tail is shorter compared to a Paretodistribution with any of the examined k-values. Thus, the lognormal case could be seen as a continuation of Figure 5 for a
higher value for the shape parameter k. Since the basic effect
of emerging correlation is still present it may be an answer to
the question for the causes of the correlations that we detected
in our measurement traces.
The correlation-effect is controlled mostly by the distribution of the OFF-period lengths. Replacing the Paretodistribution for the ON-periods by, e.g., a geometric distribution does hardly change the result.
A. Distribution of OFF-period lengths of the aggregated process
The second main statistical characteristic that we want to
investigate is the OFF-period length distribution of the aggregated process. Figure 6 shows the complementary cumulative
distribution function (CCDF) of the distribution based on the
DL-scenario. The heavy-tailed nature of the input distribution
for one primary user is clearly visible. However, the straight
line in the double-logarithmic plot, typical for power-law
distributions, is present also for traces aggregated from more
and more sources. Since the maximum OFF-period length
decreases due to the increased load of the channel, the slope
of the straight line considerably decreases making it very
difficult to accurately decide on the presence of power-law
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Fig. 6. Length distribution of the OFF-periods of the aggregated, simulated
trace. The individual primary users have each DC ≈ 8.5% (DL-scenario).

behaviour [16]. Thus, our simulation results are not sufficient
to conclude that the correlation-effect and the heavy-tailed
characteristic of the period length distribution do or do not
occur concurrently.
The distribution of the ON-period lengths changes its shape
much faster and looses its heavy-tailed nature due to the
specific characteristics of the OR-operation applied during the
trace aggregation.
VI. C ONCLUSIONS
In this paper we studied a conceptually simple model
for activity of a primary system constructed by aggregating realisations of semi-Markov ON/OFF-models. Based on
extensive simulations we showed that our model is capable
of reproducing qualitatively correlations between lengths of
successive vacant periods observed in measurements. In earlier
work binary semi-Markov models have been used directly,
resulting in absence of such correlations. We believe our
model can be used as a useful starting point for future studies
on performance for DSA-related algorithms and protocols,
especially in studying the sensitivity of the results on the
behaviour of the primary system.
Interesting items for future work include developing analytical approaches towards analysing the statistics of the proposed
model, as well as further clarifying the relationship between
the correlations and heavy tails in the period length distributions as the number of aggregated processes is increased. It
would also be very interesting to carry out further spectrum
use measurements to study whether cases in which correlations
between OFF-period lengths were observed in earlier measurements could indeed be quantitatively explained by our model.
This would require refinement of the measurement approach
to enable studying the activity of the individual transceivers of
the primary system instead of measuring only the aggregated
system behaviour.
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