
Chapter 2
Channel Usage Patterns and Their Impact
on the Effectiveness of Machine Learning
for Dynamic Channel Selection

Irene Macaluso, Hamed Ahmadi, Luiz A. DaSilva and Linda Doyle

Abstract The diverse behavior of different primary users (PU) in various spectrum
bands impacts a cognitive radio’s ability to exploit spectrum holes. This chapter sum-
marizes the results of our previous studies on the impact of the complexity of primary
users’ behavior on the performance of learning algorithms applied to dynamic chan-
nel selection. In particular, we characterize the observable spectrum utilization with
respect to the duty cycle of the channels and to the complexity of the primary user’s
activity. We use the term complexity to refer to the unpredictability associated with
the primary user’s wireless resource usage, which we quantitatively characterize
using Lempel-Ziv complexity. We evaluate the effectiveness of two learning-based
dynamic channel selection algorithms by testing them with real spectrum occupancy
data collected in the GSM, ISM, and DECT bands. Our results show that learn-
ing performance is highly correlated with the level of PU activity, estimated by the
duty cycle, and the amount of structure in the use of spectrum, estimated by the
Lempel-Ziv complexity.

2.1 Introduction

Opportunistic spectrum access may rely on a combination of geolocation databases
and spectrum sensing to detect spectrum holes. In their search for spectrum holes,
secondary users (SUs) can use learningmethods to predict the next channel state from
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their past observations on each channel. However, because of the diverse behavior
of primary users in different spectrum bands, spectrum holes exhibit different char-
acteristics, which in turn affect the performance of a learning algorithm [1, 2].

This chapter summarizes the results of our previous studies on the impact of
the complexity of PUs’ behavior on the performance of learning algorithms applied
to dynamic channel selection (DCS) [2, 3]. In particular, we consider two learning
approaches. In [2],we presented a reinforcement learning-basedmethod for spectrum
opportunity prediction; in [3], we presented a Markov process-based learning. We
analyzed the performance of the two approaches with respect to the duty cycle (DC)
of the channels and to the complexity of the PU’s activity, relying on actual spectrum
measurement data.

In both cases we characterized the PU activity by using a measure of complexity
proposed by Lempel and Ziv [4]. Our results showed that the amount of structure
in the PU activity, estimated by the Lempel-Ziv (LZ) complexity, has a significant
impact on the performance of the learning-based DCS approaches. In particular, our
studies showed that the LZ complexity of the PU’s behavior can account for up to a
30 and 20% difference in the probability of success of reinforcement learning (RL)
and Markov process-based learning respectively.

We begin with a short discussion on the literature of learning algorithms applied
to DCS in Sect. 2.2. Section2.3 details our use of Lempel-Ziv complexity to quan-
tify the amount of structure in the usage of the bands by the PU. Section2.4
describes the two learning-based dynamic channel selection approaches. Section2.5
presents the relationship between the effectiveness of learning-based DCS and the
amount of structure in the usage of the bands by the PU, relying on spectrummeasure-
ments conducted at RWTHAachen and by us at Trinity College Dublin to determine,
for any given time slot and set of channels, whether there is PU activity. We summa-
rize our conclusions in Sect. 2.6.

2.2 Existing Works

In the literature, several learning algorithms have been proposed and applied to pre-
dict the channel state. All these approaches need to learn the channel occupancy
model by observing the PU activity for a certain number of time slots. This phase
is called training or learning period. The learning algorithms are able to make pre-
dictions on the channel state after they are trained. Learning algorithms with higher
accuracy, lower complexity and shorter training time are preferred. In this section
we briefly review some of the existing works.

In [5],Clancy claims that a hiddenMarkovmodel (HMM)canbe a suitablemethod
to model the channel occupancy as a function of time. In [6], the authors model the
channel state occupancy of a PU on each channel as a Poisson distribution and use an
HMM to predict the availability of a channel. The HMM is trained with the Baum-
Welsh algorithm (BWA) [7], predicting the presence of PUs to avoid transmission
collisions. An SU will occupy an idle channel until a PU becomes active in that
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channel, then it will switch to another predicted idle channel. Simulation results
show that the probability of collision is reduced compared to a random selection
of channels to be sensed by the SU. An artificial neural network is proposed in [8]
to predict the channel state for the next time slot. In [9], the authors evaluate the
performance of their proposed neural network when the statistics of the channel
are changing. The authors of [10] formulate this problem of efficiently using the
spectrum as a Markov decision process and propose a solution strategy based on
reinforcement learning techniques. In [11], we propose a modified, less complex
HMM. We compare the prediction accuracy of our proposed method with that of
conventional HMM and show that it achieves the same prediction accuracy with
much less computational complexity.

The aforementioned works test their proposed algorithms on data which are gen-
erated based on some assumptions on the probability distribution of the PU activity
(synthetic data), and none of them applies their algorithm on data that are collected
from actual sensing (real data).

There are some recent works which use real data in their studies. In [12], authors
conduct spectrum measurements in Guangzhou city, and then approximate the pre-
diction error with the beta distribution. Kone et al. propose frequency bundling in
[13], where secondary devices build reliable channels by combining multiple unreli-
able frequencies into virtual frequency bundles. Their experiments on real data show
that bundling random channels together can provide sustained periods of reliable
transmission.

The works above only study the performance of their proposed algorithms
and compare them with other learning algorithms. On the other hand, few works
[2, 3] investigated the predictability of the behavior of the PUs and its impact on the
learning performance, which is the main focus of the rest of this chapter.

2.3 Complexity of Primary User Activity

The term complexity is used with different meanings in the literature [14]. In some
domains, e.g. dynamic systems and statistical mechanics, both completely ordered
or disordered sequences are associated with low complexity [15]. In other words,
complexity does not increase monotonically with disorder. In this chapter our goal is
to investigate the effectiveness of learning algorithms in exploiting the regularities of
channel utilization; hence we use the term complexity to refer to the unpredictability,
or uncertainty, associated with the PU’s wireless resource usage. Accordingly, we
adopt a measure of complexity that associates high values of complexity to com-
pletely disordered, i.e. unpredictable, spectrum occupancy sequences.

We quantitatively characterize the structure of a spectrum occupancy sequence
by making use of a measure of complexity proposed by Lempel and Ziv [4]. In
particular, we adopt the normalized Lempel-Ziv complexity, which measures the
rate of production of new patterns in a sequence. The complexity coefficient c is
computed by scanning the sequence and incrementing c every time a new substring
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of consecutive symbols is found. Then c is normalized via the asymptotic limit
n/ log2(n), where n is the length of the sequence [16]. Lempel-Ziv complexity is
a property of individual sequences and it can be computed without making any
assumptions about the underlying process that generated the data. This feature is of
the utmost importance when one is dealing with real data (in our case, sensed channel
status in avariety of frequencybands). Furthermore,LZcomplexity is strongly related
to the source entropy. In fact, if the source is ergodic, the normalized LZ complexity
has been proven [17] to be equal to the source entropy almost surely.

It is interesting to note that the LZ complexity is closely related to the concept of
Kolmogorov complexity [18], which measures the complexity of a binary string s as
the bit length of the shortest program that produces s and halts afterwards. Whereas
Kolmogorov complexity refers to the shortest program among all the possible classes
of programs, LZ complexitymakes use of one class of programs that can only perform
copy and paste operations [16]. Although Kolmogorov complexity is known to be
algorithmically uncomputable, it should be noted that in the case of ergodic sources
Brudno’s theorem states that the entropy rate of the source is equal to theKolmogorov
complexity per symbol of almost all emitted strings ([19], as discussed in [20]).
Lempel-Ziv complexity and Kolmogorov complexity are deterministic complexity
measures: by looking for the shortest description that allows to exactly reproduce
the data, they inevitably include the noise in such description.

2.4 Learning and DCS

Weconsider the problemof anSU searching for a channel to occupy opportunistically
while the PU is inactive in that channel. We do not assume the SU to have any a priori
knowledge of the pattern of activity of the PU or the long-term probability that each
channel is occupied. We explore two alternative learning strategies to decide which
channel to sense prior to each transmission slot: (i) the SU applies reinforcement
learning; (ii) the SU applies Markov-based learning. Our goal is to study the effect
of both the levels of PU activity and the complexity of the PU behavior as defined
in Sect. 2.3 on the effectiveness of learning.

Ourmodel considers a single SU that can use one of N equal-bandwidth frequency
channels opportunistically. Time is slotted and alternates between a sensing phase
and a transmission phase. The SU is allowed to transmit in the time slot if the selected
channel in the sensing phase is still free. The SU’s choice of which channel to attempt
transmission in will therefore affect its performance: the more successful the SU is
in predicting which channel is the least likely to contain PU activity in the next time
slot, the greater its likelihood to opportunistically utillize the channels.

In our study, we rely on spectrum measurements conducted at RWTH Aachen
and by us at Trinity College Dublin to determine, for any given time slot and set
of channels, whether there is PU activity. For each band that we investigate, we
evaluate the adaptation techniques described in Sects. 2.4.1 and 2.4.2 for different
combinations of N channels to be explored by the SU.
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2.4.1 Reinforcement Learning

A secondary user selects one among N channels according to the policy determined
by an RL algorithm. Under the assumption of full observability of the state of the
channels, Q-learning [21] is the most natural candidate. Moreover, as Q-learning
does not require a model of the agent’s environment, it is suitable to deal with real
spectrum occupancy data.

The goal of Q-learning is to find an optimal policy, i.e. the sequence of actions
that maximizes the expected sum of discounted rewards. The idea is to reward an
SU if it selects a free channel, while also including a cost of switching channels
to discourage too frequent channel changes. The SU state at time t is given by
st = [X1,t , . . . , X N ,t , ct ], where Xi,t ∈ {0, 1} indicates whether the i th channel is
free (0) or occupied (1) and ct ∈ {1, . . . , N } is the index of the channel the SU is
accessing at time t . At time t the SU performs an action at ∈ {1, . . . , N }, i.e. it
selects a channel ct+1. At time t + 1 it receives a reward r(t+1)(st, at ):

r(t+1)(st, at ) = (1 − Xat ,t+1) − e(1at ,ct ) (2.1)

where 1at ,ct is 0 if at = ct and 1 otherwise, and e ∈ [0, 0.5].
Based on the received reward, the SU updates the Q-values according to [21]:

Q(st, at ) := Q(st, at ) + αr(t+1) + α(γ max
at+1

Q(st+1, at+1) − Q(st, at )) (2.2)

where 0 ≤ γ < 1 is the discount factor and α is the learning rate. If γ > 0, the agent
takes into account not only the immediate reward but also the delayed reward when
it chooses which action to take.

In a stationary environment Q-learning is proven to converge to the optimal policy
if α → 0 and all the state-action pairs are visited an infinite number of times. During
the learning stage, an exploration strategy is required to allow the agent to visit all
the state-action pairs. A randomized strategy is commonly adopted: the agent selects
a random action with a probability ε and the best estimated action with probability
1− ε. At the beginning the algorithm starts with a large value of ε, which decreases
as the Q-learning converges.

As the stationary condition is generally not satisfied for real spectrum occupancy
data, we fix the learning factor to 0.1 to allow the agent to adapt to the changes in
the environment. Moreover, we set the ε-value to 0.01 to allow the agent to perform
exploratory actions from time to time in order to discover changes in the environment.

2.4.2 Markov-Based learning

As mentioned earlier, the SU needs to select a channel (from the set of channels
that it can access) for transmission which is the least likely to be occupied by the
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PU. Other than reinforcement learning, we can use Markov process-based learning
algorithms to learn the channels’ occupancy model and predict the availability of the
channels for the next time slot. Here, we study a low complexity Markov process-
based learning algorithm which can accurately predict the channel status of the next
time slot.

OurMarkov process-based learning algorithm has K states and M possible obser-
vations, whereS andO represent the sets of possible states and observations, respec-
tively.

We denote sequences of states by x, and we use y to indicate the sequence of
observations. Each element of x, denoted by x(t) ∈ S ,∀t , is the state at time t ; each
element of y, denoted by y(t) ∈ O,∀t , is the observation at time t .

The transition probabilities between the states are stored in a K × K matrix (A).
The distribution of the observation outcomes at each state is described by the respec-
tive column vector of the K × M emission matrix B. We represent this Markov
process by λ = {A, B, π}, where π is the initial state distribution.

The algorithm is trained off-line over a training sequence. In thisMarkov process-
based learning model, the number of states (i.e. K ) grows dynamically as learning
proceeds. Here, we have two possible observations (M = 2). We observe a zero
when we sense a free channel, and we observe a one by sensing a busy channel.

The transitions between states depend on the length of the string of consecutive
zeros or ones observed. This means that in our system each state represents a num-
ber of observed consecutive zeros or ones. Positive states represent the number of
observed consecutive ones, and non-positive (negative and zero) states represent the
number of observed consecutive zeros.

During the training phase, we create the Markov chain using the training data set
and based on the number of consecutive zeros and ones. Then, it is possible to count
the number of times each particular transition or output observation is applied in a
set of training data. As proven in [7], counting functions for the output observations
provide maximum likelihood estimates for the desired model parameters. Suppose
that the maximum number of negative and positive states in the Markov chain, after
the training, are q and p, respectively. The set of states is S = {sq−, . . . , s0, . . . , sp}
which has the cardinality of N = q + p +1. The elements of transition and emission
matrices will be computed by:

ai, j = fi, j (x)
∑p

k=−q fi,k(x)
∀i, j ∈ {−q, . . . , p}, (2.3)

bi, j = gi, j (x, y)
∑M

m=1 gi,m(x, y)
∀i ∈ {−q, . . . , p}, j ∈ {1, . . . , M}, (2.4)

where ai, j is the transition probability from si to s j , and bi, j is the probability of
o j at si . The counting functions fi, j and gi, j simply count the number of transitions
from state si to state s j and the number of observations o j at state si , respectively.
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During the training process, the transition and emission probabilities over the
observations can be easily calculated by (2.3) and (2.4). As a result, we can predict
the observation by:

y̌(t) =
{
0 p(x(t), 0|λ) ≥ p(x(t), 1|λ)

1 otherwise
, (2.5)

where y̌(t) indicates the predicted observation for time t .
In case of an inaccurate prediction, the systemwill notice the prediction error after

observing y(t). Since x(t + 1) only depends on the observation outcome rather than
on the predicted result, the system will move to the correct state and errors will not
propagate. Retraining the system is only needed when the statistics of the behavior
of PUs on the channel are changing. To account for this, the system can be retrained
after a certain number of time slots or whenever the prediction accuracy drops below
a certain threshold.

2.5 Results

In this section we analyze the performance of the two learning solutions presented
in Sect. 2.4. The results presented in this section refer to sequences of spectrum
occupancy over 12h (from 11:00 to 23:00) and duty cycle DC ∈ [0.3, 0.8]. We
examined a number of frequency bands: the 2.4GHz ISM band, the DECT band, and
the GSM900 and GSM1800 bands. For each band, we considered all the possible
combinations of N = 3 and N = 4 channels to evaluate the RL approach and the
Markov-based learning approach respectively. Each combination corresponds to one
instance of the DCS problem. One of the fundamental issues common to all RL
approaches is the convergence time when the dimension of the state-action space is
large. For this reason, we consider combinations of N = 3 channels in the case of
RL. The convergence time of theMarkov process-based learning algorithm increases
linearly with N , thus allowing us to consider combinations of 4 channels. However,
the number of channels that an SU can observe (N ) strongly depends on the hardware
and sensing capabilities of the SU.

Our empirical findings show that the performance benefits of the two learning
algorithms are highly correlatedwith the level of PUactivity observed and the amount
of structure in these observations, estimated by the LZ complexity.

2.5.1 Reinforcement Learning

Each combination of channels corresponds to one instance of the RL problem. For
each instance, we run 103 independent simulations. For each simulation, first we
compute the optimal policy using the Q-learning algorithm and considering only
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Fig. 2.1 ISM band (outdoor), RWTH Aachen dataset. Probability of success of Q-learning as a
function of the average LZ complexity and the probability of at least one free channel existing. Each
point represents a particular instance of Q-learning applied to N = 3 channels. The total number of
possible combinations which we analyzed is
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Fig. 2.2 GSM1800 band (outdoor), RWTH Aachen dataset. Probability of success of Q-learning
as a function of the average LZ complexity and the probability of at least one free channel existing.
Each point represents a particular instance of Q-learning applied to N = 3 channels. The total
number of possible combinations which we analyzed is

(15
3

) = 455, where 15 is the number of
channels with DC ∈ [0.3, 0.8]

the first hour of the sequences of spectrum occupancy. Then, the resulting policy is
evaluated over the remaining 11h. For each simulation the probability of success is
computed according to the number of times that a free channel was selected over the
length of the spectrum occupancy sequences. The probability of success of each RL
instance is the average over the 103 simulations.

Figures2.1, 2.2 show the probability of success of Q-learning for the ISM band
and the GSM1800 band respectively, as a function of the average LZ complexity
and the probability of at least one free channel existing p f = 1 − ∏N

i=1 δ1,i , where
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δ1,i is the duty cycle of the i-th channel. The LZ complexity of each channel is
computed using the algorithm described in [16], while the average value is used as
an approximation of the complexity of each combination of channels.

As expected, the probability of success increases with p f . However, it can be
observed that the performance of RL is also strongly dependent on the complexity
of the PU behavior. For example, for the ISM band (see Fig. 2.1), the values for
the average LZ complexity span a considerable range and we can easily observe
that, when p f remains constant, the RL performance decreases when LZ complexity
increases.

Both the average LZ complexity and p f do not cover the same range for each
band. As it can be observed in Figs. 2.1 and 2.2 the DC values, and therefore the p f

values, span almost the same range of values for both the ISMband and theGSM1800
band. However, the GSM1800 channels exhibit a less structured, i.e. more complex,
activity on average than the ISM channels. Accordingly, the performance in the ISM
band is on average better.

The data collected by us at TCD exhibits a significantly lower LZ complexity than
the measurements taken in Aachen (see Fig. 2.3). Accordingly, the performance of
RL in the ISM band in TCD is significantly better than the performance in the ISM
band for the Aachen dataset.

In any case, all the frequency bands examined by us exhibit the same kind of rela-
tionship between average LZ complexity, p f and the performance of RL, confirming
that the LZ complexity is a valid metric for the analysis of learning performance.

2.5.2 Markov-Based Learning

We test the Markov process-based learning algorithm on exactly the same sets of
channels thatwe have used for theRL algorithm.Unlike theRL algorithm, tomeasure
the prediction accuracy of the Markov process-based learning algorithm for each
combination of channels we need to run the algorithm only once. In other words,
averaging the prediction accuracy results over a number of independent simulations
is not required because the prediction accuracy of theMarkov process-based learning
algorithm over the same test set having the same training set will always be the same.

The data set is recorded over 12h and it consists of 25000 samples. We train the
Markov process-based algorithm over the first 1000 data samples (∼first 30min)
and test it over the remaining 24000 samples. At each time slot the algorithm either
selects the channel with the highest predicted probability of being free, or predicts
that all the channels are busy.

Figures2.4, 2.5 show the probability of success as a function of average LZ com-
plexity and the probability of at least one free channel existing. We use the same data
sets that we have used for measuring the performance of the Q-learning algorithm,
and we compute the probability of success over all possible combinations of existing
channels in the dataset for N = 4.
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Fig. 2.3 ISM band (indoor), TCD dataset. Probability of success of Q-learning as a function of
the average LZ complexity and the probability of at least one free channel existing. Each point
represents a particular instance of Q-learning applied to N = 3 channels. The total number of
possible combinations which we analyzed is

(17
3

) = 680, where 17 is the number of channels with
DC ∈ [0.3, 0.8]

0.88 0.9 0.92 0.94 0.96 0.98
0.74

0.76

0.78

0.8

0.82

0.84

0.86

0.88

0.9

0.92

0.94

p
f

A
ve

ra
ge

 L
em

pl
e−

Z
iv

 c
om

pl
ex

ity

0.54

0.56

0.58

0.6

0.62

0.64

0.66

0.68

0.7

0.72

0.74

Psuc

Fig. 2.4 ISM band (outdoor), RWTH Aachen dataset. Probability of success of Markov process-
based learning algorithm as a function of the average LZ complexity and the probability of at least
one free channel existing. Each point represents a particular instance of the algorithm applied to
N = 4 channels. The total number of possible combinations which we analyzed is

(15
4

) = 1365,
where 15 is the number of channels with DC ∈ [0.3, 0.8]

Similar to the Q-learning algorithm results, in Figs. 2.4, 2.5, we see that the prob-
ability of success using Markov process-based learning algorithm increases with p f

and it also strongly depends on the complexity of the PU behavior. In these two
figures we again observe the same phenomenon. For any given p f , the probability
of success has an inverse relation with the average LZ complexity, i.e., when the PU
behavior is more complex the probability of success reduces and vice versa.

In Fig. 2.6, we apply the Markov process-based learning algorithm to the data
collected from DECT band. For the DECT band, the average LZ complexity is
always greater than 0.93. Accordingly, the probability of success is only moderate.
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Fig. 2.5 GSM1800 band (outdoor), RWTH Aachen dataset. Probability of success of Markov
process-based learning algorithm as a function of the average LZ complexity and the probability of
at least one free channel existing. Each point represents a particular instance of Markov process-
based learning algorithm applied to N = 4 channels. The total number of possible combinations
which we analyzed is

(15
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Fig. 2.6 DECT band (indoor), RWTH Aachen dataset. Probability of success of Markov process-
based learning algorithm as a function of the average LZ complexity and the probability of at least
one free channel existing. Each point represents a particular instance of Markov process-based
learning algorithm applied to N = 4 channels. The total number of possible combinations which
we analyzed is

(10
4

) = 210, where 10 is the number of channels with DC ∈ [0.3, 0.8]

From the above results, we can conclude that, if possible, it is more beneficial to
observe channels (and frequency bands) with higher probability of being free and
lower complexity for opportunistic access.
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2.6 Conclusions

In this chapter, we presented two learning algorithms that are used to predict the avail-
ability of a channel. Moreover, we analyzed the probability of success in finding an
unoccupied channel for these algorithms. Our findings show that the performance of
both algorithms strongly depends on the behavior of PUs. This means that, although
the duty cycle of a channel is the metric usually taken into the account in previous
works on learning algorithms applied to DCS, the complexity of PU behavior plays
an equally important role.

We also showed that both learning algorithms performed similarly. Both algo-
rithms performed the same for the combinations of channels with high probability of
success, while the Markov process-based learning algorithm performed better on the
channel combinations with low probability of success. The additional observed chan-
nel onMarkov process-based scenarios might be the reason of its better performance
on low quality channel combinations.
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