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Abstract—We empirically study problems of online estimation
and modeling of radio activity (ON/OFF) patterns and their
duty cycles. We consider performance of two algorithms that
analyze power spectrum samples in time domain as sensed by
WARP SDR boards placed at different indoor locations. The ﬁrst
algorithm utilizes density function of the marginal distribution
of the received readings to perform clustering of the power
samples into the classes that correspond to ON/OFF activity
states. The second algorithm uses hidden Semi-Markov processes
and the Viterbi algorithm to model and estimate the radio
activity patterns of signal sources. Unlike the ﬁrst algorithm it
can also be used for both signal classiﬁcation and estimation of
the state duration that corresponds to the certain power level.
We study signals obtained from one or two transmitters. Our
results indicate the ﬁrst technique can often provide accurate
estimations. However, if sensor nodes receive low RSSI values
or modeling of the temporal structure of the activity patterns is
required then the second technique is preferable. This method
also has a potential to beneﬁt from cooperation between nodes.

I. I NTRODUCTION
The success of cognitive networking depends on selfreconﬁgurability [1] and dynamic characterization of the radio
environment [2]. In this context, the concept of Radio Environment Maps (REMs) has been proposed to support Radio
Resource Management (RRM) tools by providing information
that characterizes the radio environment accurately. Compared
to relatively static scenarios such as the TV white space reuse,
the construction and maintenance of REMs becomes more
challenging when the interference patterns are less predictable
such as in scenarios with Dynamic Spectrum Access (DSA)
enabled networks [3] and femtocells [4]. Constructing REMs
for indoor environments is not straight-forward due to the
complex propagation characteristics and interference patterns.
Dynamic deterministic models based on real measurements are
possible candidates in this type of environment. Using these
models different nodes in a network can collaborate in order to
create spatio-temporal maps of the environment that are valid
for speciﬁc time and propagation conditions.
In this paper we empirically study performance of two
algorithms that allow online modeling and estimation of radio
activity patterns (ON/OFF states) based on the strength of
the received power spectrum samples. The work is done on
the power spectrum samples, gathered by the WARP SRD
boards [5] located at different distances from the transmitters
[6]. Information provided by the algorithms can be used, for
example, to characterize temporal aspects of the REMs or
MAC sensing applications [7]–[9].
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The ﬁrst of the proposed algorithms is computational efﬁcient. It determines the thresholds to distinguish between
different activity states and corresponding power levels. These
thresholds are later used to classify the incoming samples. The
algorithm can provide only basic estimates on the temporal
structure of the signals: an average duration of a particular
state and resulting duty cycle estimates. The second method
is more complex, as it is based on Semi-Markov models and
the Viterbi algorithm [10]. The algorithm learns statistical
models for each activity state, along with the probability
distribution of the holding times, i.e. how long the sensor
is likely to sense corresponding power levels. Application
of these models results in better signal classiﬁcation. Both
methods are applied online. In this work we report results for
one and two transmitters, with activity patterns following the
gamma distribution. We analyze both strong and weak power
spectrum samples. Additionally we show possible beneﬁts
of cooperative sensing for correctly estimating the ON/OFF
activity patterns with the hidden Semi-Markov processes using
data obtained at different sampling rates.
The rest of the paper is structured as follows. Section II
discusses the incentives for ON-OFF modeling and the chosen
estimation algorithms. Section III describes the experimental
setup. In Section IV we analyze the performance of the chosen algorithms on the gathered measurement results. Finally,
Section V concludes the paper.
II. A LGORITHMS FOR E STIMATION OF
P OWER S PECTRUM U SAGE
One may distinguish between two basic application scenarios for temporal power spectrum sensing data:
1) estimation of active (ON states) or inactive (OFF states)
of different transmitters, including estimation of several
ON power levels, i.e. power-level clustering;
2) modeling and prediction of the occupancy time for a
particular frequency band.
The ﬁrst scenario basically allows to detect instantaneous
channel occupancy. The information on the power levels and
their average duty cycles can be used to perform run-time
optimization of PHY- and MAC-layer parameters depending
on the encountered amount of interference [11]. The second scenario allows to optimize Dynamic Spectrum Access
(DSA) by utilizing temporal power spectrum data including
historical information. Earlier work on the so-called MAClayer sensing [7], [9] has shown that knowledge of either
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the duty cycle or the complete distribution of ON and OFF
periods can be used to considerably enhance the efﬁciency
of DSA algorithms. Ideally the second application scenario
would allow to identify multiple signal sources in a network,
predict their activity patterns and, therefore, effectively schedule transmissions of secondary users.
Depending on the application scenario, mechanisms of
different complexity are to be applied for data processing. In
this paper we consider two algorithms described below.

Emission
distribution
(Density of
samples for the
power level)

OFF
Sojourn
distribution
(State holding
time)

This simple computationally efﬁcient algorithm is applicable to fulﬁll the goals of the ﬁrst application scenario. The
density function of the marginal distribution of the collected
data is used to determine thresholds to distinguish between
several power levels, i.e. network activity states, that are later
used for online classiﬁcation of the power samples.
First, the algorithm determines number of power levels in
which the samples are clustered. It requires the user to set
the minimal signal duration of a transmitter, and the minimal
expected difference between power levels. Using these inputs
parameters for the moving average algorithm are determined
in order to smooth the obtained samples. After the data is
processed with this simple ﬁnite impulse response ﬁlter, the
algorithm estimates the number of local maxima of a density
function that are above certain level (e.g. thrdensityM ax =
0.02) to determine the initial number of the activity states.
At the second stage the algorithm ﬁnds the thresholds
between these states, that later will be used for classiﬁcation
of the samples. The algorithm cancels the data ﬁltering.
Operating on the raw data it ﬁnds local minima of a density
function. These values should be less than a certain value,
for e.g. thrdensityM in = 0.05, required for clear separation
between the power levels. The number of these minima should
be one less than the number of the clusters. If the above criteria
on local minima are not satisﬁed then the algorithm gradually
increases the number of samples the data is averaged over
until the density function of the pre-processed samples does
not yield the required results. Typically noisy or weak power
spectrum samples require such an iterative ﬁltering, which
decreases data granularity, and in the extreme cases might
prevent from detecting short ON activity bursts.
B. ON/OFF Patterns with HSMM and Viterbi Algorithm
This algorithm is more complex and is applicable in cases of
severe propagation conditions, heavily sub-sampled data and
the second application scenario. The algorithm (a) clusters
received samples in the power levels corresponding to, in
general case, the OFF and several ON network activity states,
(b) provides their statistical characteristics also addressing the
temporal aspects, and (c) use this data for online classiﬁcation
of the incoming readings. For example, for a single transmitter
it estimates the distributions of both, power samples that
correspond to the ON and OFF states. It also characterizes
the lengths of the activity periods of the transmitter. This
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Fig. 1. Generalized hidden Semi-Markov model used. The ﬁgure shows three
states of the HSMM corresponding to the OFF activity state of the network
and two ON states that are characterized by different power levels.

information is then used to estimate if an incoming sample
belongs to the ON or OFF network activity state.
The proposed algorithm models the activity patterns of
transmitters by simple ON/OFF processes. It utilizes SemiMarkov ON/OFF process and uses the following transmission
model. Each transmitter at any given time is either active
(ON state) or inactive (OFF state). While being active the
transmitter is assumed to send signals continuously with a
constant power. The model relies on the further assumption
that the durations of active and inactive periods for each transmitter are independent of each other. The earlier measurements
in outdoor conditions have indicated that often for several
different transmitter technologies the lengths of successive ON
and OFF periods are independent [7], [8]. The durations of
ON/OFF periods are presumed to follow general distributions
fon (t) and foff (t) with mean values μon and μoff , respectively.
If the states of the different transmitters were directly
observable, the estimation of the ON and OFF distributions would easily be solved using usual parametric or nonparametric statistical techniques. In practice this occurs if
there is a single transmitter of high enough power that it
can be reliably distinguished from ambient interference and
noise [8]. However, especially in indoor scenarios, fast fading
and hostile propagation environment often cause the measured
received power from an active transmitter to ﬂuctuate heavily.
Signal can often disappear into the noise and interference
for short periods of time. We overcome these difﬁculties by
considering a Hidden Semi-Markov Models (HSMM) [12]1 .
The true state of the system is still assumed to follow a
Semi-Markov ON/OFF process (or in the case of multiple
transmitters, a product of such processes). But instead of
making observations on that process directly, we assume that
we observe at given times a received power that is random
with distribution depending on the actual state.
The general structure of the employed HSMM is shown
1 This method was ﬁrst applied on the empirical data for the ofﬂine activity
patter estimation in [8]. However, in this paper the reported difference between
the spectrum power samples corresponding to ON/OFF levels was high and,
therefore, the challenge for the states estimation was minimal.
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with most of the power concentrated in a bandwidth of 2 MHz
[6]. The transmit power was set to 0 dBm. The duty cycle
of the ﬁrst transmitter was 25%, with average ON period of
1.25 seconds and variance of 0.16 s2 . The second transmitter
generated a signal with 50% ﬁxed duty cycle, the ON and
OFF durations were on average equal to 2.5 s.
After the measurement traces were collected we have chosen
for the analyzes the two traces that correspond to the sensor
boards receiving the highest and the lowest power readings
from the transmitters. To estimate the performance of the
proposed methods we fed the traces as incoming online
samples to our algorithms realized in R [17].
IV. A NALYSIS OF M EASUREMENT R ESULTS
We apply the two proposed algorithms for the estimation of
the ON/OFF activity patterns produced by one or two TelosB
nodes. Figs. 2 – 4 show the basic characteristics of the power
readings received by the WARP boards, including the sample
time series and the corresponding density functions of the
marginal distributions of the gathered samples. For the single
transmitter scenario we analyze the readings for two WARP
boards that received the strongest and the weakest signals. For
the scenario with two transmitters we process the measurement
traces only from the weakest receiver.
We annotate the obtained results in terms of the number
of periods observed by the receivers rather than in seconds.
One period is deﬁned as a sum of the average ON and OFF
durations and basically corresponds to one duty cycle. In this
work one period is equal on average to 5 s.
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in Fig. 1. The model requires speciﬁcation of a) number of
states in the HSMM graph, b) initial probabilities of states, c)
transition probabilities between states, d) sojourn times spent
in each of the states (corresponding to fon (t) and foff (t) for
a single transmitter case), e) the emission distributions of the
received power conditional on the state of the system [10].
For the initial classiﬁcation of the power levels, estimation
of their empirical averages and standard deviations, we use the
density-based threshold detection algorithm described above.
The number of states of the HSMM is set to be equal to
the number of resulting power classes. The statistical characteristics of these power classes are used to set initial values
the emission distributions of the HSMM. We use equal initial
state probabilities for the HSMM. The transition probabilities
between all HSMM states are initially set to be even as well.
However during the model training, which we describe later
they get automatically adjusted. We applied normal emission
distributions throughout, but these can easily be replaced by
more general distributions to cover the effects of, for example,
non-Gaussian interference. The ﬁrst zero of the autocorrelation
function of the received power was used to determine initial
values for the parameters of the sojourn distributions whenever
parametric model was considered. We chose the gamma distribution as parametric models for the sojourn time distributions
due to its ﬂexibility. The scale parameter θ was chosen to have
initial value ranging from 1 to 5, while the shape parameter
was set as k = μθ, where μ is the time scale obtained from the
analysis of the autocorrelation function as discussed above.
To reﬁne the initial values of emission and sojourn distributions and adjust state transition probabilities, the method of
ﬁnding the maximum likelihood iteratively using the Expectation Maximization (EM) algorithm [12] is typically applied.
In particular, we use the implementation of [13] speciﬁcally
developed for estimating hidden Semi-Markov models.
As said the HSMMs provide distributions of expected
power levels and ON/OFF period durations. We utilize these
models by employing the Viterbi algorithm, as proposed in
[10], to estimate the most likely sequence of hidden states
from measurements. This information is used to classify the
incoming power readings in one of the states of the system
(in general case the OFF or one of the ON power levels).
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(a) Received power levels and the predicted states with the
HSMM/Viterbi algorithm.
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III. E XPERIMENTS S ETUP
In our measurements we used 8 WARP SDR boards [5].
They were located in ﬁve different rooms covering over
240 m2 , with one semi-concrete wall dividing the space.
(The detailed description of the testbed is given in [6]).
These boards were continuously sampling the spectrum of a
bandwidth of 22 MHz with frequency of 740 μs during the
periodic transmissions generated by TelosB nodes [14]. The
MAX2829 [15] radio transceiver of the WARP board provides
a 10-bit (Received Signal Strength Indicator) RSSI samples,
which are converted into dBm power readings.
Signals were produced by a one or two active transmitters
using the test mode of CC2420 radio transceiver chip on
TelosB [16]. The chip provides a continues 5 MHz wide signal
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(b) Received power levels and the predicted states with the
threshold-based algorithm.
Fig. 2. Single transmitter scenario. The WARP board receives a strong signal.
The receiver is located at the distance of 0.5 meters from the transmitter. Both
algorithms for training use sample gathered over 16 periods.
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(a) The sojourn distribution for the HSMM for the
WARP board receiving a weak signal.
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(b) Mean duty cycles estimated after the models’ training as the function of the duration of the input time
series given in periods.
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(c) Mean ON/OFF periods estimated after the models’
training as the function of the duration of the input time
series given in periods.
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First we apply the proposed algorithms to process the power
spectrum samples estimated from RSSI readings of a WARP
board as discussed in Section III. The chosen WARP board
receives strong signals. The results are shown in Fig. 2. The
density-based threshold detection algorithm correctly identiﬁes
two classes for the power readings corresponding to the ON
and OFF states, and uses the threshold level set to -69.95 dBm
to correctly classify the incoming samples (see Fig. 2b). The
algorithm does not require any data smoothing. As shown in
Fig. 2a the HSMM/Viterbi algorithm also correctly estimates
the ON/OFF states of the incoming samples based on the
learned Semi-Markov model. Moreover, this algorithm is capable to correctly process the erroneous/noise sample received
around the second period and classify it as the OFF state
(see Fig. 2), as it takes the temporal structure of the activity
states into the account. The ﬁrst algorithm operates only on the
thresholds, which leads to the signal misclassiﬁcation. Overall,
both algorithms successfully classify the samples, when the
difference between the noise level and the power received from
an active transmitter is high.
However, the threshold-based algorithm requires additional
processing when this difference becomes small (in our study
the signal averages are less than 2 dB apart). If no data ﬁltering
is applied then samples are misclassiﬁed as the two power
levels are very close to each other. The algorithm could achieve
correct classiﬁcation of the samples with application of the
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OFF: Weak

0.65

A. Single Transmitter

ON: Strong
ON: Weak

0.75

Fig. 3. Single transmitter scenario. The board receives a weak signal. It
is located at the distance of 11 meters from the transmitter across the
semi-concrete wall. Both algorithms for training use sample gathered over
16 periods.
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(b) Received power levels and the predicted states with the
threshold-based algorithm that uses the moving window of 12
samples.
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(d) Estimates of shape and scale parameters of the
sojourn time distributions for two WARP boards as the
function of the duration of the input time series.
Fig. 5. The summarizing plots on the parameter estimates of the HSMM for
the single transmitter scenario following the gamma signal distribution.

moving average algorithm with the window size of 12 samples,
setting the threshold to -89.64 dBm. High window size means
that the heavy smoothing of the data is required, which can
potentially lead to the signal losses. The resulting density
function is shown in Fig. 4b and the results of the classiﬁcation
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the single transmitter scenario.
the single transmitter scenario.
the two transmitter scenario.





OFF



Power [dBm]

(HSMM / Viterbi)
1-ON

0

0.75

1.5

2.25

3.0

Observed periods



OFF





Power [dBm]

(HSMM / Viterbi)
1-ON

ON/OFF Estimates



2-ON

 

(a) Received power levels and the predicted states with the HSMM/Viterbi
algorithm that used three-state Semi-Markov model.
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(b) Received power levels and the predicted states with the
HSMM/Viterbi algorithm that used two-state Semi-Markov model.
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For the two transmitter scenario we have chosen the WARP
board that receives very weak signals from one of the TelosB
transmitters, as shown in Fig. 4c and 6. The weak signal from
the furtherest transmitter can be easily misclassiﬁed into the
OFF state. The average difference to the noise level for this
transmitter’s power does not exceed 1.5 dBm.
To obtain acceptable classiﬁcation results for this scenario
the density-based threshold detection algorithm had to apply
a moving average ﬁlter with the window size of 10 samples.
The algorithm correctly determined that the samples have
classiﬁed into three power levels (OFF, 1-ON and 2-ON states)
and deduced the classiﬁcation thresholds of 89.3 dBm and
78.4 dBm. The results of the online state estimation with these
thresholds are shown in Fig. 4c and 6c.
The HSMM/Viterbi algorithm has also correctly determined
that the Semi-Markov model requires three states. Further
training of the model was successful and the Viterbi algorithm
performed correct clustering of the incoming samples without
the need for data pre-processing, see Fig 6a.
For comparison, we trained the two-state HSMM on the
same set of data. The Viterbi algorithm completely misclassiﬁed 1-ON state into OFF state for the weak power
spectrum samples, as shown in Fig 6b. This indicates that the
HSMM/Viterbi approach is useful for modeling and estimating

ON/OFF Estimates

are displayed in Fig. 3b.
The results show that HSMM/Viterbi algorithm performs
well without applying additional ﬁltering in this scenario.
The Viterbi algorithm achieves accurate state estimation based
on the learned Semi-Markov model, as shown in Fig. 3a.
The sojourn distribution for the HSMM for both strong and
weak signal sources are the almost identical. This indicates
the ability of HSMM to be successfully applied also for
the receivers observing only very weak signals. The sojourn
distribution for the weak signal is displayed in Fig. 5a. Of
course, a certain performance degradation in terms of the
required training samples exists for the weaker signal as shown
in Fig. 5b-d. The difference in the estimated ON and OFF
periods and duty cycles does not exceed 5 % from the true
values. The ﬁgure also shows the fast convergence of the
parameters of the Semi-Markov models to the almost true
values of the original signal distribution.
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Probability density functions obtained for the power spectrum samples received by the WARP board in the two considered scenarios.



Fig. 4.

0

0.75

1.5

2.25

3.0

Observed periods
(c) Received power levels and the predicted states with the thresholdbased algorithm that uses the moving window of 10 samples.
Fig. 6.
Two transmitters scenario. The WARP board receiving a weak
signal. The receiver is located at the distance of 9 and 11.5 meters from the
transmitters across the semi-concrete wall. Both algorithms use for training
samples gathered over 16 periods.
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patterns can be successfully modeled using hidden SemiMarkov models without signiﬁcant loss in data granularity.
These models can be further used to accurately classify
online the incoming power samples with the Viterbi algorithm.
Furthermore, we have shown possible beneﬁts from intranode information sharing for more accurate spectrum activity
prediction on the example of the sub-sampled data.
We plan to further extend our study to multiple interference
sources and irregular ON/OFF activity patterns, as well as to
dynamic environments. We want to study applicability of our
algorithms to the cases where the assumption on independent
durations of ON and OFF periods is violated.
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gamma model trained by the same with slow sampling.
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(b) Received samples and the state prediction on the three state gamma
model obtained from the nearby node, which performs fast sampling.
Fig. 7. Illustration of beneﬁts of information sharing between the two receives
for the two TelosB nodes transmitting scenario, sub-sampling case.
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