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Abstract—Most existing studies of spectrum usage have been
performed by actively sensing the energy levels in specific RF
bands including cellular bands. In this paper, we provide a
unique, complementary analysis of cellular primary usage by
analyzing a dataset collected inside a cellular network operator.
One of the key aspects of our dataset is its scale – it consists
of data collected over three weeks at hundreds of base stations.
We dissect this data along different dimensions to characterize
and model primary usage as well as understand its temporal and
spatial variations. Our analysis reveals several results that are
relevant if Dynamic Spectrum Access (DSA) approaches are to
be deployed for cellular frequency bands. For instance, we find
that call durations show significant deviations from the often-
used exponential distribution, which makes call-based modeling
more complicated. We also show that a random walk process,
which does not use call durations, can often be used for modeling
the aggregate cell capacity. Furthermore, we highlight some
applications of our results to improve secondary usage of licensed
spectrum.

I. I NTRODUCTION

The prevailing approach to wireless spectrum allocation is
based on statically allocating long-term licenses on portions of
the spectrum to providers and their users. It is widely believed
that approaches based on DSA can lead to more ef�cient
use of wireless spectrum than static approaches. A multitude
of DSA-based approaches have been proposed for secondary
spectrum usage in whichSecondaryUsers (SUs) use parts
of the spectrum that are not being used by the licensed
Primary Users (PUs). PUs can enable such secondary usage,
for instance, by using short-term auctions of underutilized
spectrum [1]. Alternatively, SUs can sense and autonomously
use parts of the spectrum that are currently not being used by
(licensed) PUs. A key technical component of such approaches
are Cognitive Radios (CRs), which enable spectrum sensing.
Apart from detecting idle spectrum, the sensing done by CRs
is also needed by SUs to vacate the spectrum again when PUs
resume their usage.

The feasibility and success of secondary spectrum usage
depends crucially on if, when, and how idle spectrum becomes
available, as well as how easily it can be sensed. For instance,
SUs operating in the spectrum licensed to PUs with predictable
and well-de�ned usage, e.g., TV broadcasting, can easily
identify spectrum that will be idle over long periods of time.
In contrast, cellular voice spectrum usage tends to exhibit

much more variations both in timeand space. Hence, SUs
of cellular voice spectrum likely need to employ more agile
DSA techniques than SUs of TV broadcasting spectrum. Char-
acterization of primary usage in speci�c spectrum ranges is
therefore crucial to the deployment of DSA in those spectrum
ranges.

In this paper, we present a large-scale measurement-driven
characterization of primary usage in cellular networks. Our
focus on cellular spectrum is important for several reasons.
Apart from TV bands, cellular frequencies represent one of
the most viable ways of achieving DSA – both because
they are widely used throughout the world and also because
engineering devices and data applications for these frequencies
are well understood. On the other hand, compared to TV
bands, cellular spectrum usage is expected to be much more
dynamic. Thus, data-driven studies are necessary to design
DSA systems that optimize such usage. Additionally, looking
from a completely different perspective, the low bit rates
involved in wireless voice transmission make it an attractive
application for secondary usage. Hence, understanding the
nature of this application can also help drive secondary usage
markets.

A few prior studies [2], [3], [4], [5] have characterized
primary usage in cellular (and non-cellular) bands. All of these
studies – but [5] – are based on active sensing of energy.
In contrast, we provide a unique analysis of cellular primary
usage that is based on call records collectedinside a cellular
network. Thus, we are able to provide insights on a call level
that other studies are unable to. Another speci�c aspect is the
scale of our study – we are able to study the usage at hundreds
of base stations simultaneously. In contrast, sensing-based
studies are usually based on only a few spectrum analyzers
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Fig. 5. (Left): Variation of the hourly call duration CDF compared to the overall CDF and the CDF of only night-time calls.(Middle): Duration distributions
and lognormal �ts.(Right): Illustration of anomalous distributions during 2 hours.

B. Event-based Random Walk Model

The call-based model is complicated by the non-exponential
nature of the call durations. We now explore arandom walk
model that ignores details about individual calls and instead
models only the loadX(·), i.e., total number of ongoing calls.
We refer to this model as theevent based model. Under
this model, the load is considered to be a one-dimensional,
continuous-time random walk where steps are either+1 or
Š1 corresponding to the initiation and termination events of
a call:

X(t + E) = X(t) + (Š1)Φ. (3)

Here E is a random variable representing the time between
consecutive steps/events andΦ is a Bernoulli random variable,
which takes the value+1 with probability p and 0 with
probability 1 Š p = q. Since there is a+1 for every Š1,
p should be1

2 . If valid, such a model has advantages over the
call-based model because it abstracts out the non-exponential
distribution of call durations. We plot the distribution of
inter-event times in Figure 4(Right). At the system level,
we �nd that these are visually well modeled by exponential
distributions though the limited resolution continues to cause
problems with PDF estimation and leads to signi�cant auto-
correlation at non-zero lags.

To check for consistency with the random walk model, we
also needΦ to be a Bernoulli random variable. A necessary
(but not suf�cient) condition for this to be true is that the
auto-correlation of the sequence of step sizes at non-zero lags
be close to zero. We do �nd that the absolute value of auto-
correlation is always smaller than0.041 for the �rst lag and
smaller than0.043 for all lags.

C. Variations

We now investigate the distribution of call durations in
more detail. We start by investigating how theCumulative
Distribution Function (CDF) of durations, calculated hour-
wise (across all days) varies as compared to the overall dis-
tribution. Speci�cally, we compute theKolmogorov-Smirnov
statistic [8], which is the maximum difference between the
hourly CDF and overall CDF. We plot this statistic as a
function of the hour of day in Figure 5(Left). We �nd

that there is little variation during the day. However, there
is signi�cant variation during the night-time especially in the
hours from 11PM to 5AM. Hence, we generate the CDF of
durations during these hours and plot the variation around this
CDF. The resulting plot appears to be roughly complementary
to the variation around the overall CDF. We conclude that
there are likely two different distributions of call durations –
one during the day and the other during the night. Furthermore,
the transition hours between day and night likely see a mixture
of both these distributions.

In Figure 5 (Middle), we compare the overall and night-
time distributions of call durations. Note that we use the log-
log scale. We �nd that the night-time distribution has more
short calls as well as a heavier tail compared to the overall
distribution. Both distributions have a “semi-heavy” tail and
are not well-modeled by classical short-tailed distributions
such as Erlang (results not shown). However, the shape of
the above distributions is reminiscent of the lognormal distri-
bution, which is parabolic in log-log scale. Recall thatD is
lognormally distributed with parametersμ and σ2 if log(D)
is normally distributed with the same parameters. The best
lognormal �t can be obtained using MLE, in which case the
parameters are simply estimated as the sample mean (μ̂) and
variance (̂σ2) [9]. In Figure 5(Middle), we also plot the best
lognormal �ts for the distributions of call durations. The head
of the empirical distribution shows signi�cant deviation from
the best lognormal �t. Although the tails of the empirical and
best �t agree better, they too diverge at large values.

Not only is the distribution of call durations hard to model,
there can also be signi�cant deviations during certain hours.
We plot two such “outlier hours” in Figure 5(Right). The
two outlier plots correspond to the weekday hours plotted in
Figure 2 – the spikes in the arrival rate correspond to the spikes
of Figure 5 (Right). Both hours see a sudden spurt in short
calls. We veri�ed that at least one of these is caused by a large
number of calls to a popular television show, whose telephone
lines are often busy. Figure 5(Right) thus demonstrates that
social behavior and external events, which may not be easily
predicted, can and do have signi�cant short-term impact on
spectrum usage.
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Fig. 7. (Left): The percentage of successful �ts (across all cells) averaged on a per-day basis.(Middle): The percentage of successful �ts (across all cells)
averaged on a per-hour basis.(Right): The per-hour auto-correlation of the step sizes (Φ) in our event-based models averaged across all cells.
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Fig. 6. The CDF of the per-cell fraction of hours that were successfully
described using our models. The call model is mostly applicable whereas
the random walk model is successful only in half the hours for all cells on
average.

IV. T EMPORAL CHARACTERISTICS

In the previous section, we developed two models of
primary usage – the call-based model and the event-based
(random walk) model. We explored the ef�cacy of these
models in describing the primary usage when all calls are
considered to arrive at a single entity. In this section, we
analyze individual cells, to understand if the same models can
be used and how these results vary with time.

Note that the per-cell call durations do not vary signi�cantly
from the overall call durations. We, thus, focus on presenting
per cell results for the inter-arrival times and the cell load in
this section.

A. Modeling

We start by trying to �t our models to the primary usage
in each cell sector on an hourly basis. Note that we assign a
call to the hour in which it started. Since durations rarely
span an hour, this has little impact on our results. Since
there are hundreds of sectors and hundreds of hours, we
resort to an automatic goodness-of-�t test to determine if our

models apply. Speci�cally, for the call-based model, we use
the Anderson-Darling test [10] with95% con�dence level on
the empirical series of call inter-arrival times. Given a sample
set { xi} of size n sorted in ascending order, this test rejects
the hypothesis of an exponential distribution if a test statistic
exceeds1.32 (for 95% con�dence level). The test statistic,A2,
is computed as:

A2 = ŠnŠ
n�

k=1

2k Š 1
n

[log(F (xk)) + log(1 Š F (xn+1−k))] .

Here, F (·) is the CDF of the exponential distribution (with
mean equal to the sample mean). To accommodate cases
where n is small, we use the standard adjustment forA2

by multiplying it with 1 + 0.6
n . We also use the Anderson-

Darling test to determine whether the random walk model of
exponential inter-event times is valid or not.

For each cell sector, we obtain the fraction of hours during
which inter-arrival times of calls and events pass the Anderson-
Darling test. In Figure 6, we show how this fraction is
distributed across all cells for both of our models. Recall
from Section II that we have two ways of approximating user
mobility. We use both approximations. Figure 6 shows that the
call arrival process is well described by an exponential process
in more than90% of the hours for most cells. Note that, since
we use95% con�dence level for the Anderson-Darling test, we
expect only95% of our tests to succeed. Thus, the call-based
model is almost always applicable. In Figure 6, we also verify
that our results are not sensitive to our mobile approximation.

We also calculate the auto-correlation coef�cient for each
per-cell per-hour sequence of call inter-arrival times. We
�nd that only 20% of these sequences have auto-correlation
coef�cients (at non-zero lags) higher than0.16. Though not
conclusive, such low auto-correlation is consistent with inde-
pendence. Hence, we believe that call inter-arrivals are well-
modeled as an exponentially distributed i.i.d. sequence. In
other words, call arrivals can be viewed as Poisson processes.

Recall that the above results also support our claim of
system wide Poisson call arrivals since the addition of two
Poisson processes of intensityλ1 andλ2 is a Poisson process
of intensityλ1 + λ2.









An answer to the second question, i.e., determining the
time needed for sensing asingle channel, is much more
complex and depends on various factors such as the sensitivity
requirements of the PU, the speci�c sensing technique used,
distributed/cooperative sensing aspects, etc. However, regard-
less of the time the sensing process takes for a speci�c system,
it is desirable not to waste this time for sensing an occupied
channel. Here a model of the duration of a PU communication
can help to determine the time after which a channel sensed
to be occupied by a PU should be sensed again. In particular,
our analysis of the call durations shows that there are many
short calls and the remaining are spread over a “semi-heavy”
tail. Hence, a conditional sensing process is well-motivated:
the SU initially uses a rapid sensing frequency for the case
that a new call is short. After a few tens of seconds, rapid
sensing is likely to yield little bene�t. Hence, slower sensing
is justi�ed.

VII. R ELATED WORK

In [15], general guidelines are given on how to perform
spectrum measurements. The authors performed a measure-
ment campaign in the US from 1992 [16] where they actually
found the usage of theIndustrialScientific andMedical (ISM)
band at2.4 GHz very low. Fleurke et al. [17] differentiate
between the actual occupancy and the mean occupancy. They
describe different sampling methods (random and systematic
sampling). In [18] a detailed modeling proposal forW ireless
Local AreaNetwork (WLAN) and microwave ovens is given.

Measuring and modeling the spectrum occupancy in the
High Frequency (HF) range (3 Š 30 MHz) had drawn a lot
of research attention since the late 1970’s. Various models of
the boolean variable that represents whether or not a channel
is used have been proposed. Most of these are tailored to the
speci�c characteristics and usage patterns in the HF spectrum.
The Laycock-Gott logit model [19], [20], [21], [22] requires
25 parameters to model the measured data. Measurements are
taken during the solstices, where atmospheric and galactic
noise is low. Goultelard et al. [23] have developed a model
for estimating the time variations of the so called congestion
(occupancy) using channel availability statistics. In [24], the
authors develop guidelines on sensing times and estimate
con�dence limits for these times. They also propose using �rst-
order Markov chains to model channel availability. This work
has been extended in [25], [26] to two-dimensional �rst-order
Markov chains and in [27] to cyclostationary two-dimensional
�rst-order Markov chains.

In recent years, a lot of measurement studies have been
carried out to show the under-utilization of the licensed
spectrum. Some examples of wide-band measurement cam-
paigns include the Chicago spectrum measurements [28], [29]
covering the spectrum range from30 MHz to 3 GHz and
960 MHz to 2500 MHz, respectively, and the New Zealand
measurements [30] in the spectrum range from806 MHz to
2750 MHz. Further studies can be found on the Shared Spec-
trum’s website [31]. Though these studies show the abundance
of temporally unused spectrum, they give little insight into the

dynamic behavior of the licensed users legally operating in
those bands. A measurement campaign focusing on the cellular
voice bands was carried out during the soccer world-cup 2006
in Germany [2], [3]. The authors show the differences in
spectrum occupancy in the GSM and UMTS bands before,
during, and after a match. However, similar to the wide-
band measurements mentioned above, little insight into call
dynamics such as call arrivals or call durations is gained. The
authors of [4] analyze the spectrum utilization in the New
York cellular bands (CDMA as well as GSM). The CDMA
signals are demodulated to determine the number of active
Walsh codes (i.e., the number of ongoing calls). To determine
the number of calls in the GSM bands, image processing of the
spectrogram snapshots is used. Although this analysis provides
more detailed results for the utilization of the cellular bands,
call arrivals and durations are also not examined.

In [5], similar to our study, the authors analyze the call
logs of a switch of a cellular GSM provider. The study was
conducted in Qingdao, China. In contrast to our study, they
analyze and model only the call durations. Additionally, the
amount of data used for the study is much more limited,
namely two selected hours of successive days. The authors
match the call durations to a log-normal distribution. We also
�nd that lognormal has some advantages but it still does not
model our durations fully.

VIII. C ONCLUSIONS ANDFUTURE WORK

We presented a large scale characterization of primary users
in the cellular spectrum. We used a dataset that allowed
us to compute the load of hundreds of base stations over
three weeks. Using this dataset, we investigated a call arrival
model and a random walk model that directly models the
aggregate load. We derived several results, some of which are
summarized below:

• Often, the duration of wireless calls (and the time for
which voice channels are allocated) are assumed to be
exponentially distributed. We �nd that the durations are
not exponential in nature and possess signi�cant devia-
tions that make them hard to model.

• An exponential call arrival model (coupled with a non-
exponential distribution of call durations) is often ade-
quate to model the primary usage process.

• A simpler random walk can be used to describe primary
usage under high load conditions.

• Spectrum usage can exhibit signi�cant variability. We
found that the load of individual sectors varies signi�-
cantly even within a few seconds in the worst case. We
also �nd high variability even across sectors of the same
cell.

• Our spatial analysis revealed that there are clusters of
sectors whose intra-cluster usage patterns are more cor-
related.

We believe that our work provides a �rst-step proof-point
to guide both policy and technical developments related to
DSA. In this paper, we made no use of sensing data and
relied wholly on network data. In future work, we intend to



perform simultaneous sensing and in-network data collection.
This would allow us to investigate how accurate a sensing-
based approach is and also validate the results in this paper.
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