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Abstract—Several measurement campaigns have shown that
numerous spectrum bands are vacant although licenses have
been issued by the regulatory agencies. Dynamic spectrum access
(DSA) has been proposed in order to alleviate this problem and
increase the spectral utilization. In this paper we present our
spectrum measurement setup and discuss lessons learned during
our measurement activities. We compare measurement results
gathered at three locations and show differences in the back-
ground noise processes. Additionally, we introduce a new model
for the duty cycle distribution that has multiple applications in
the DSA research. Finally, we show that the primary user signal
bandwidth has major impact on the correlation properties of the
duty cycle in the frequency domain.

I. INTRODUCTION

Recently, dynamic spectrum access (DSA) technologies
have attracted significant interest in the research community,
see, e.g., [1], [2] and references therein. Mainly three facts
have been the motivation for this work. First, the scarcity of
radio spectrum complicates the process of allocating spectrum
to new wireless systems. Second, the success of wireless
communication and the trend towards broadband systems fur-
ther increases the need for radio spectrum. Third, researchers
have found that significant amount of officially licensed radio
spectrum is unused. This has been reported based on several
extensive spectrum occupancy measurement campaigns [3]–
[15].

DSA-capable systems sense the radio environment around
them, try to identify unused frequency bands, so called spec-
trum white spaces, and opportunistically use those without
causing harmful interference to the primary users1. There-
fore, these devices are capable of changing their working
frequency and bandwidth [16]. This flexibility, together with
the spectrum sensing, enables DSA systems to alleviate or
even solve the spectrum scarcity problem. More efficient use
of spectral resources has also the potential to reduce costs and
improve reliability of wireless systems. However, the added
degrees of freedom increase the system complexity and more
adaptive and intelligent devices are required to ensure efficient
system operation. The cognitive radio vision [17], [18], which

1A primary user denotes a system possessing the license to access a fre-
quency band. The systems accessing spectrum white spaces opportunistically
are called secondary users [16]. Primary users are often also called incumbent
users.

describes devices that are aware of their surroundings and that
adapt accordingly, has been introduced as potential solution to
this challenge.

Both, the DSA as well as the cognitive radio research,
require realistic models and good understanding of the cur-
rent networks as basis for performance evaluation. The con-
tributions of this paper are twofold. First, we describe in
detail our spectrum measurements and lessons learned during
the extensive measurement campaign. Enhanced measurement
methodology is crucial for obtaining reliable results and the
design of appropriate models. Second, we introduce a model
for the distribution of the duty cycle of several wireless
systems. Such models are required for the evaluation of
multiple aspects of DSA-capable systems. Adaptive sensing
approaches are one example and those have been shown to
significantly improve spectrum sensing efficiency [19]–[21].
Another use case is the evaluation of adaptive multicarrier
systems that are able to suppress few subcarriers and limit
adjacent channel interference in order not to harm primary
system transmissions [22]–[24]. Additionally, we also present
a short evaluation of the correlation of the duty cycle over
frequency.

We combine the measurement results and the duty cycle
model in one paper since spectrum modelling is closely
connected to the underlying measurement methodology. Vector
signal analysis, as deployed, e.g., by Geirhofer et al. [25],
enables detailed analysis of a single signal on a per-symbol
basis but is strictly limited in the covered bandwidth. In
contrast, swept spectrum analysis supports wideband measure-
ments at the price of a significantly lower sampling rate. Both
approaches can cover only some aspects of spectrum usage.
Therefore, a detailed description of the deployed measurement
analysis enables better understanding of the extracted model
and appropriate usage by the community later on.

The rest of the paper is structured as follows. We start
in Section II with the description of the measurement setup
and comment on lessons learned during our measurement
campaign. We compare the results collected at different mea-
surement locations in Section III and discuss the modelling of
the duty cycle in Section IV. Finally, we conclude the paper
in Section V.



II. SPECTRUM MEASUREMENT SETUP

We start this Section with the detailed description of our
measurement setup followed by some comments on which
measurement locations we have selected. We give rationale for
most of our design decisions and include comments on lessons
that we have learned throughout our measurement campaign.

A. Hardware components and system configuration

One of the major goals of our measurement campaign was
to investigate changes of spectrum usage over longer time
scales of multiple days to few weeks. Since wireless systems
have different characteristics in terms of used bandwidth,
multiple access scheme, transmit power etc., engineers often
choose measurement parameters optimized for the investigated
system, see, e.g., [6], [8]–[10]. Assuming a limited period of
time for the complete measurement campaign, the required
reconfiguration of the measurement setup reduce either the
number of technologies, which can be examined in a time
division fashion, or shorten the available measurement time
per technology. Instead, we decided to inspect multiple tech-
nologies in parallel with partially suboptimal measurement
configuration. In detail, we examined 1.5 GHz wide subbands
with a resolution bandwidth of 200 kHz. Thus, the chosen
frequency resolution is not fine enough to differentiate very
narrowband primary user signals.

In total we measured the frequency range from 20 MHz
up to 6 GHz where most wireless services work today. Due
to the general trend in wireless communication towards more
broadband applications we also expect DSA networks to be
broadband systems. Although multicarrier systems are able to
suppress intermediate subcarriers and benefit also from non-
continuous spectrum white spaces, we still assume that also
from an application point of view spectrum white spaces of
few tens of kHz are not interesting for opportunistic use and
the rather coarse resolution bandwidth of 200 kHz represents
a good compromise.

In the following we will comment on each component of
our measurement setup in more detail. We list the detailed
set of used measurement parameters in Table I and Figure 1
shows the complete measurement setup.

As mentioned above, we designed a very wideband mea-
surement setup and this main characteristic drastically limited
the selection of standard off-the-shelf components. Specially
designed modules were no alternative due to the high costs
of such bespoke solutions. In contrast, focusing the measure-
ments on a single, mass-market technology such as any cellular
technology would greatly increase the amount of available
components and especially ease the selection of affordable
antennas and amplifiers.

We used three different antennas each specifically selected
for a certain frequency band. A large discone antenna of type
AOR DA-5000 covered the lowest frequency band between
20 MHz and 1.52 GHz. We deployed a smaller discone an-
tenna of type AOR DA-5000JA to receive signals in the next
subband from 1.5 GHz up to 3 GHz. Finally, we used a radom
antenna of type Antennentechnik Bad Blankenburg AG KS 1-10

TABLE I
SPECTRUM ANALYZER CONFIGURATION USED THROUGHOUT THE

MEASUREMENTS.

Center frequency Band 1: fc = 770 MHz
Band 2: fc = 2250 MHz
Band 3: fc = 3750 MHz
Band 4: fc = 5250 MHz

Frequency span 1500 MHz
Resolution bandwidth 200 kHz
Number of measurement points 8192

Sweep time 1 s
Measurement duration About 7 days per subband

Detector type Average detector
Preamplifier Up to 3 GHz: 28 dB gain

above 3 GHz: none or ≥ 24 dB gain

Instrument Agilent E4440A spectrum analyzer
Typical DANL -169 dBm [26]
(displayed average noise level) at 1 GHz and 1 Hz resolution bandwidth

Fig. 1. Measurement setup as it was deployed on the roof of the International
School Maastricht, Maastricht, the Netherlands.



specified up to 10 GHz to cover the frequency range between
3 GHz and 6 GHz. The antennas are vertically polarized, have
an omnidirectional characteristic in the horizontal plane, and
are slightly directive in the vertical plane. Other researchers
have used horizontally directive antennas, see, e.g., [8]–[10],
[14], but our choice avoids the need for further reconfiguration
of the measurement setup to cover all possible directions.

In order to ensure a sufficiently sensitive measurement
system we preamplified nearly all incoming signals and limited
the required length of interconnecting cables by deploying the
measurement instrument inside a weather-proof box next to the
antennas. We always preamplified signals up to 3 GHz using
the preamplifier inbuilt in the spectrum analyzer. At some
locations we added an external preamplifier to further increase
the sensitivity of the measurement setup also for frequencies
above 3 GHz.

The selection of the measurement device will very often be
restricted by the availability of instruments or limited funding
for new equipment. However, in the spectrum occupancy
context special attention should be paid to the sensitivity
of the device. If the setup has to be portable or access to
electrical power is otherwise limited, after careful analysis a
compromise between portability and measurement sensitivity
might also have to be accepted. Portable devices often do not
allow similarly high number of measurement points, another
rather unusual requirement of very wideband measurements,
or do not support flexible data exchange via Ethernet. We
used a high performance spectrum analyzer Agilent E4440A,
which supports up to 8192 measurement points. Based to the
bandwidth characteristics of the selected antennas and the fact
that several popular wireless systems, e.g., FM radio or GSM2,
use channels of 200 kHz bandwidth, we have selected the
above introduced parameters for frequency span and resolution
bandwidth.

We chose the sweep time to be 1 sec as a compromise
between the amount of data, that is collected throughout one
week of measurement, the variance of the gathered samples
due to noise variation, and the sampling frequency. Present
wireless systems use too short frames as to allow a wideband
measurement setup to sample each frame. Additionally, the
spectrum analyzer periodically realigns the internal calibration,
which pauses the measurement for usually few seconds.

We measured the spectrum usage in each of the four
subbands for about seven days at each location. In some
cases we lowered the measurement duration for the highest
subbands to few days and at one location we also measured the
second subband for 14 days. Taking in account the spectrum
analyzer recalibrations, a measurement of one week results in
a measurement trace of about 335000 sweeps (on average each
sweeps takes 1.8 sec and 1000 sweeps take about 30 min).

We used a standard laptop for automatic instrument con-
figuration and data saving purposes. It remote controlled the
analyzer via Ethernet using standard protocols for instrument
control. On the software side usually flexibility in measure-

2Global System for Mobile Communication (GSM).

ment configuration and quick access to first analysis and
visualization results are important because they enable preval-
idation of the recorded data at the measurement site. In our
case, the deployed Virtual Instrument Software Architecture
(VISA) library enabled convenient development of high-level
MATLAB software focused on the efficient data gathering and
analysis.

Finally, we installed all components in a weather-proof
wooden but RF-shielded box. The box also enabled us to fix
the measurement setup at very exposed and windy locations.
Although we ran measurements for multiple weeks we did not
add lightning protection. The two major reasons against are
the limited availability of very wideband lightning protection
components and the additional logistics. Proper protection
of the measurement setup requires access to the lightning
protection system of the building, which was restricted at
some locations. Instead, we closely followed the weather
forecast and would have taken down the setup in case of
high probability of thunderstorms. More permanent setups
at exposed sites definitely require lightning protection, as
discussed, e.g., in [15], [27].

We also monitored the temperature and humidity inside the
measurement box using the sensors on a Telos mote [28].
Although we were concerned about dew in the morning
hours the humidity turned out to be no problem. During
some measurements in summer the temperature inside the box
significantly increased and caused stability problems due to the
operation of the spectrum analyzer outside its specifications.
We drilled additional holes to the wooden box and added fans
for cooling that solved the problem without increasing the
humidity inside the box to critical levels.

The final weather problem we faced was snow fall. During
some of the measurements in winter time, snow on the antenna
radically changed the reception characteristics of the large
discone. Since in Aachen only limited amount of snow falls
during winter time we did not investigate the problem further,
but a sharp drop in the measured power spectral density (PSD)
shows high correlation to the time period during which the
temperatures have been low enough to prevent the snow from
melting.

B. Measurement locations

We report about measurement results taken at three different
locations. The first measurements were performed indoor in a
room located in the ground floor of a modern office building3.
In order to investigate also other frequency regulations we
selected a location in the Netherlands as second reference
location. We placed our measurement box on the roof of the
main building of the International School Maastricht4. We
chose the third location as an example for locations where
end-user devices capable of dynamic spectrum access might
work in real scenarios. We measured the spectrum usage on a
third-floor balcony of an older residential building in a rather

3IN: Latitude: 50◦ 47’ 24.01” North, Longitude: 6◦ 3’ 47.42” East.
4NE: Latitude: 50◦ 50’ 32.34” North, Longitude: 5◦ 43’ 14.93” East.



TABLE II
MEASUREMENT LOCATIONS.

Name Short Short description
name

Aachen, indoor IN Modern office building

Netherlands NE Rooftop location in a mostly residential area
in Maastricht, the Netherlands

Aachen, balcony AB Third floor balcony of a residential building
in a rather central housing area of Aachen
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Fig. 2. Comparison of the probability density function of the power spectral
density samples collected in the first subband (f ∈ [20, 1520] MHz) at all
measurement locations over six hours (14:00-20:00) during different normal
weekdays.

central housing area of Aachen5. For reference, we list all
locations in Table II.

III. COMPARISON OF MEASUREMENT LOCATIONS

Before we present detailed results on the modelling of the
duty cycle in Section IV we compare the power spectral
density (PSD) measured at the different locations. As a first
example we discuss the probability density function (PDF) of
all measured PSD samples received in the first subband. Due
to the large amount of data we limit the analysis to six hours
in the afternoon of a usual weekday. We validated that we can
compare the results to a certain extend although we gathered
them at different dates. We compared separate parts of the
data measured at the same location. Since we did not find
very significant differences comparison of high level statistics
is reasonable. Figure 2 shows the PDF for all locations.

All shown distributions are asymmetric and can be inter-
preted as consisting of two components. First, a large fraction
of the received samples belongs to a background noise process.
Second, most of the samples with higher power belong to
real-life transmissions and cause the asymmetry of the density
function. Both components are different at every location.

5AB: Latitude: 50◦ 46’ 8.90” North, Longitude: 6◦ 4’ 42.59” East.
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Fig. 3. Comparison of the probability density function of the power spectral
density samples collected in the second subband (f ∈ [1500, 3000] MHz)
at all measurement locations over six hours (14:00-20:00) during different
normal weekdays.

The samples of the second component, the real-life signals,
are stronger at the more exposed location in the Netherlands.
This was to be expected because of the presence of LOS
connections and the lower pathloss at the rooftop location.
However, also the background noise process is stronger at the
exposed location. Only at the indoor location IN and in the
calm radio environment at AB, the noise process shows similar
characteristics as we measured with a 50 Ω fitted match in our
laboratory. At the third location man-made noise results in
stronger background noise and an increased minimum PSD.
Additionally, the variance of the background noise process
evaluated over the frequency channels is higher at the more
exposed location.

The PDF plot for the second subband at fc = 2250 MHz
looks similar as shown in Figure 3. The asymmetry is less
pronounced because less primary user systems are active.
Several major services such as the GSM1800 or the Universal
Mobile Telecommunications System (UMTS) operate in this
spectrum band and also the ISM-band6 at 2.4 GHz is often
busy but apart from these very popular services significantly
less usage compared to the lower spectrum band was detected
by our measurement setup. Again, the background noise
process is stronger at the more exposed measurement location
in the Netherlands.

We also measured considerably less signals in the two high-
est subbands (3-4.5 GHz and 4.5-6 GHz). The setup detected
only a handful of signals above −100 dBm/200 kHz at all
locations. Although the deployed antenna is probably less
sensitive due to its very wideband nature we can still conclude
that the frequency range above 3 GHz is much less crowded
compared to the lower frequency ranges.

Figure 4 shows the PSD measured over five days at the
high frequency f = 4 GHz at which we did not detect any

6The ISM-band is reserved for industrial, scientific, and medical applica-
tions.
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Fig. 4. Comparison of measured PSD and thermal background noise at
f = 4 GHz as measured at the location in the Netherlands. The measured
PSD was smoothed over 2000 samples (about one hour of measurement time)
in order to enable a clear visualization of the underlying trend. The thermal
noise was moved up by 3.5 dB in order to enable more direct comparison.
Each tick on the x-axes marks midnight.

primary transmitter. The data were gathered at NE using the
additional preamplifier that further improves the sensitivity of
the measurement setup. The Figure also shows the thermal
background noise computed based on the Boltzmann constant,
the resolution bandwidth, and the temperature measured by
the Telos mote7. We smoothed the measured PSD in order
to clearly show the trend and the cycle of day and night.
Additionally, we moved up the thermal noise by 3.5 dB for
direct comparison of both graphs.

Although we received only a small amount of background
noise at such high frequencies the difference between thermal
noise and received signal strength is still higher during the
day time compared to the night time. This result confirms that
the received noise is man-made due to its similar 24 h-cycle
as present in several other wireless systems today [20], [21].

IV. DUTY CYCLE MODELLING

In this Section we will introduce a stochastic model for the
distribution of the duty cycle based on the 200 kHz channel-
ization that we used throughout our measurement campaign.

Since we measured multiple different frequency bands al-
located to various wireless systems we apply generic en-
ergy detection [1], [29] based on the detection threshold
γ. We use different threshold values in order to address
the different background noise levels and achieve realis-
tic estimates of the duty cycle. The lowest threshold is
γ =-107 dBm as given for 200 kHz channels in the require-
ments document of the IEEE 802.22 standardization com-
mittee [30]. Additionally, we evaluate the threshold values
γ = [−100; −95; −90] dBm/200 kHz.

7For few samples the data transfer from the mote to the laptop failed but
the slow changing temperature is still sufficiently described.
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AB, UMTS DL−band, γ=−107 dBm/200 kHz
AB, TV−band, γ=−107 dBm/200 kHz
NE, GSM1800 DL−band, γ=−100 dBm/200 kHz

Fig. 5. Comparison of different duty cycle distributions based on measure-
ments taken at AB and NE using appropriate thresholds.

Let Ωt,i denote the spectrum occupancy at time index t and
channel index i, defined as

Ωt, i =
{

0 if PSDrx, t, i < γ
1 if PSDrx, t, i ≥ γ

, (1)

where PSDrx, t, i is the received PSD measured in channel i and
at time index t. If Ωt,i = 1 a primary user signal is detected
and the channel is occupied. PSD values below γ indicate a
free channel, respectively. Furthermore, let us denote Ni as
the number of measured samples in channel i and DCi as the
duty cycle computed for channel i:

DCi =
∑Ni

t=1 Ωt, i

Ni
. (2)

A. Distribution of the duty cycle

We are now interested in the distribution of DCi over all
channels i that belong to a certain subband. That may be a
complete subband covered in one measurement but may also
be a subband allocated to a specific group of wireless services
such as the ISM-band.

After application of the energy detection we estimate the
cumulative distribution function (CDF) of the duty cycle
DCi using kernel-based methods as offered by MATLAB.
Afterwards, we compute the PDF by simple differencing.

Figure 5 shows few selected examples for the CDF. The
slope of all CDF graphs is the highest for very low and very
high duty cycles indicating that these cases are most probable.
This result is not only valid for the shown frequency bands
but for nearly all the technologies and frequency bands that
we investigated.

Often not a single sample passes the detection threshold and
DCi ≡ 0. In contrast, a strong continuous signal as transmitted
by, e.g, broadcasting stations, results in DCi ≡ 1. For some
systems also other technology characteristics increase the
probabilities for the two extremes. The UMTS technology is
based on Code Division Multiple Access (CDMA) and UMTS
base stations transmit continuous signals in the downlink



direction. If the received PSD is above the detection threshold
DCi will be one. The former case of DCi ≡ 0 is due to unused
UMTS channels and applies for ≈ 60 % of the UMTS band
at AB. These are the reasons for the very flat UMTS-graph
in the area of low duty cycles. If the received PSD is close
to the detection threshold or noise samples are strong enough
to cause false detections, intermediate duty cycles may also
occur. In the UMTS case most of the rare intermediate values
are due to one weak UMTS channel and the edges of all other
UMTS signals present at AB.

The shown GSM1800-graph is an example for a very busy
band without any vacant channel. Since the graph corresponds
to the more noisy radio environment at NE some of these
channels might still be vacant but strong noise samples trigger
false detections and result in intermediate duty cycles.

Distributions with high probabilities for the two extremes,
DCi ≈ 0 and DCi ≈ 1, can usually be modelled well with
the beta distribution, given by

fb(x;α, β) =
1

B(α, β)
xα−1(1− x)β−1, x ∈ (0, 1), (3)

where α and β are two free parameters to control the behaviour
of the distribution and B(α, β) is the beta function

B(α, β) =
∫ 1

0

tα−1(−t)β−1dt. (4)

As discussed above, we found a significant number of chan-
nels with DCi ≡ 0 or DCi ≡ 1 in several of our measured
traces. Since the beta distribution does never approach 0 or 1
we use a modified beta distribution for duty cycle modelling.
Let pDC=0 denote the probability of a completely free channel
and pDC=1 denote the probability of a completely occupied
channel, respectively. We define the modified beta distribution
fmb(x;α, β) as

fmb(x;α, β) = pDC=0 · δ(x)
+ (1− pDC=0 − pDC=1) · fb(x;α, β)
+ pDC=1 · δ(x− 1), x ∈ [0, 1],

(5)

where δ(x) is the Dirac delta-function.
We will now use our measurement results and the estimated

density functions to show that the modified beta distribution
is a good model for the duty cycle distribution. Often the
Kullback-Leibler divergence

DKL(P ||Q) =
∑
k

P (k) log
P (k)
Q(k)

, (6)

is used for this purpose, where P (k) and Q(k) are the two
density functions to be compared.

Here, we use the symmetric version of the Kullback-Leibler
divergence

DKLsym(P,Q) = DKL(P ||Q) +DKL(Q ||P ) (7)

for the evaluation of the fit of fmb(x;α, β) to the estimated
density functions of the measured duty cycles.
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AB, TV, fit, DKLsym=0.69
NE, GSM1800 DL, measured
NE, GSM1800 DL, fit, DKLsym=0.01

Fig. 6. Comparison of different duty cycle distributions and the corresponding
modified beta distribution fits. The shown graphs are based on measurements
taken at AB and NE using the same thresholds as given in Figure 5.

Figure 6 repeats the three previously discussed CDF exam-
ples and also shows the corresponding modified beta distribu-
tion fits. Additionally, the results for the symmetric Kullback-
Leibler divergence are given. All fits are sufficiently close to
the measured distribution and prove that the modified beta
distribution can reproduce the measured characteristics of the
duty cycle. Especially, the explicit modelling of pDC=0 and
pDC=1 results in a very good fit.

Table III lists all required parameters for the modified
beta distribution for various services but also the lower two
complete subbands. We also include the DKLsym results in
order to show how well each case could be modelled by the
modified beta distribution. We list parameters for both calm
radio environments at AB and IN and the busier environment
at NE in order to enable scenario generation for different
types of radio environments. Additionally, for the calm radio
environment the better fit of the two options AB and IN
can be selected. The given parameters enable straightforward
generation of realistic duty cycle data sets for DSA and
cognitive radio research.

Few of the listed parameter sets result in higher values for
the symmetric Kullback-Leibler divergence. In most of these
cases steps can be identified in the shape of the CDF due
to similar DCs throughout wider communication channels.
Such steps cannot be well reproduced by the beta distribution.
However, since we do not want to model each wireless system
separately but ensure a single and general model for the DC
distribution we focus on the modified beta distribution.

B. Impact of the energy detection threshold

The energy detection threshold γ has significant impact on
the duty cycle distribution. Figure 7 compares the distribution
of DCi as measured at the location AB. We estimated the
distributions for all four described threshold values and used
the data collected in the first subband. Although not listed in
Table III, all distributions could be represented well by the



TABLE III
PARAMETERS OF THE MODIFIED BETA DISTRIBUTION FOR DUTY CYCLE MODELLING.

Data set Location Subband Threshold γ pDC0 pDC100 α β DKLsym
[MHz] [dBm/200 kHz]

Whole subband AB fc = 770 −107 0.023 0.158 0.287 0.597 1.286
Whole subband IN fc = 770 −107 0.259 0.175 0.305 0.807 0.492
Whole subband NE fc = 770 −100 0.162 0.117 0.275 0.577 3.940

TV AB fc = 770 −107 0.005 0.140 0.294 0.534 0.690
TV IN fc = 770 −107 0.178 0.019 0.346 1.536 1.465
TV NE fc = 770 −100 0.230 0.121 0.239 0.657 4.876

GSM900 UL AB fc = 770 −107 0.000 0.000 0.389 1.287 0.757
GSM900 UL IN fc = 770 −107 0.573 0.005 0.276 3.337 5.080
GSM900 UL NE fc = 770 −100 0.000 0.000 0.360 3.425 0.875

GSM900 DL AB fc = 770 −107 0.000 0.661 1.645 0.441 0.200
GSM900 DL IN fc = 770 −107 0.047 0.219 0.299 0.540 0.702
GSM900 DL NE fc = 770 −100 0.000 0.919 17.164 0.731 0.115

Whole subband AB fc = 2250 −107 0.866 0.034 0.354 1.168 0.640
Whole subband IN fc = 2250 −107 0.855 0.026 0.283 0.597 0.123
Whole subband NE fc = 2250 −100 0.687 0.054 0.286 1.130 0.844

GSM1800 UL AB fc = 2250 −107 0.799 0.000 1.521 227.628 1.152
GSM1800 UL IN fc = 2250 −107 0.974 0.000 0.884 210.963 0.755
GSM1800 UL NE fc = 2250 −100 0.627 0.000 0.251 2.484 2.323

GSM1800 DL AB fc = 2250 −107 0.185 0.531 0.454 0.382 1.131
GSM1800 DL IN fc = 2250 −107 0.327 0.063 0.466 0.664 0.208
GSM1800 DL NE fc = 2250 −100 0.000 0.659 0.653 0.504 0.012

DECT AB fc = 2250 −107 0.027 0.000 1.219 4.262 3.373
DECT IN fc = 2250 −107 0.236 0.000 1.008 39.792 0.217
DECT NE fc = 2250 −100 0.018 0.109 0.433 0.966 0.515

UMTS UL AB fc = 2250 −107 0.909 0.000 3.341 2120.834 1.159
UMTS UL IN fc = 2250 −107 0.979 0.000 0.433 10.128 0.161
UMTS UL NE fc = 2250 −100 0.778 0.005 0.251 1.518 1.441

UMTS DL AB fc = 2250 −107 0.596 0.353 1.330 0.299 0.438
UMTS DL IN fc = 2250 −107 0.599 0.088 0.491 0.337 0.189
UMTS DL NE fc = 2250 −100 0.388 0.400 0.270 1.770 0.588

ISM AB fc = 2250 −107 0.103 0.000 0.927 7.100 6.334
ISM IN fc = 2250 −107 0.597 0.000 0.637 21.640 13.844
ISM NE fc = 2250 −100 0.475 0.000 0.320 2.262 1.546

modified beta distribution as proven by the Kullback-Leibler
divergence results. The proposed model is applicable for all
cases and is not sensitive to the energy detection threshold
per se. Again, from our point of view the generality of the
proposed model outweighs the model imperfections, that, e.g.,
cause the slightly inaccurate reproduction of low duty cycles.

Aside from the model accuracy different energy detection
thresholds still result in significantly different distributions
but, based on our measurement data, interference and primary
user signals cannot be differentiated. This fact leaves us with
the need to choose a detection threshold arbitrarily based
on an estimation of the background noise floor. Often the
detection threshold has been determined by comparison to the
noise distribution as measured with a 50 Ω fitted match, see,
e.g., [4] and [6], but in rather noisy radio environments, such
as NE, these low detection thresholds will result in DCi = 1
for numerous channels. Instead, we estimated an appropriate

threshold based on the PDF of the received PSD samples.
At the calm radio environment AB we received less primary

user signals. At the same time the background noise process is
weak enough such that all detected signals are due to intended
primary user transmissions instead of unintended interference
when using the threshold proposed by the IEEE 802.22 stan-
dardization committee. Therefore, the model parameters for
AB definitely describe a realistic but calm radio environment.

C. Duty cycle correlation over frequency

Frequency agility is one of the core features of DSA-capable
systems. Thus, for evaluation of DSA protocols or algorithms
multiple adjacent channels should always be modelled. In this
context, the question if the duty cycles of adjacent channels
are correlated is important. Figure 8 shows the correlation of
the measured DCi plotted over the frequency lag for two
selected services. For both examples, the Digital Enhanced
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Fig. 7. Comparison of the impact different energy detection thresholds on
the duty cycle distributions and the modified beta distribution fits. The shown
graphs are based on measurements taken at AB.
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Fig. 8. Normalized correlation of the duty cycle plotted over the frequency
lag for selected examples. The shown graphs are based on measurements taken
at NE and AB using appropriate thresholds.

Cordless Telecommunications (DECT) and the UMTS DL,
the correlation characteristics and the system bandwidth are
clearly interconnected. DECT signals cover about 1.7 MHz and
are narrower than UMTS signals of 5 MHz bandwidth. Also
the band allocated for the whole DECT service is narrower
than the band assigned to the UMTS DL service.

The duty cycle is highly correlated for measurement channel
indices belonging to the centre of the same or any of the
neighbouring DECT channels. The correlation is lower or
even negative for other frequency lags. In the case of UMTS
no perfect periodicity as in the DECT case is present. Since
DECT applies periodic and dynamic frequency selection all
available 10 channels are equally busy. In contrast, UMTS
employs fixed frequency assignments and unused channels in
between lower the correlation.

As the correlation of the duty cycle is dominated by the
primary user signal bandwidth, realistic duty cycle modelling

requires knowledge on the primary user bandwidth. The in-
troduced duty cycle model does not consider the correlation,
yet. However, since it is based on real life measurements and
reproduces the probabilities well, it is still superior compared
to models existing in the literature, e.g., [19].

V. CONCLUSION

In this paper we have discussed our spectrum occupancy
measurement setup in detail and have elaborated on the major
design decisions and lessons learned. We have presented a
comparison of three measurement locations. Not only the
signal strength received from active transmitters but also the
intensity of the background noise processes varies between
locations. At the more exposed and centrally located site
higher noise levels could be measured.

In a second step we have introduced a new model for
the duty cycle distribution. Based on our extensive measure-
ment results we have shown that the cases of completely
busy or vacant channels are very probable and modified the
beta distribution to reproduce these characteristics. We have
demonstrated that the proposed model fits well and have listed
model parameters for multiple wireless systems. The presented
duty cycle model is beneficial for multiple applications in
the evaluation of dynamic spectrum access systems. Examples
are algorithms for adaptive sensing or dynamic assignment of
secondary users to vacant channels. Finally, we have pointed
out that realistic duty cycle modelling also has to reproduce the
correlation of the duty cycle over frequency. Here, the primary
system signal bandwidth is the most important impact factor.

In our future work we will investigate how the duty cycle
changes over time and how such changes can be appropriately
modelled. We will also extend the analysis of the duty cycle
correlation properties. Additionally, we plan to make the
measurement data available to the research community in
appropriate fashion.
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