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Abstract—Cognitive Radio (CR) technology constitutes a
promising approach to increase the capacity of Wireless Mesh
Networks (WMNs). Using this technology, Mesh Routers (MRs)
and the attached Mesh Clients (MCs) are allowed to opportunistically transmit on the licensed band, but under the constraint
not to interfere with the Primary Users (PUs) of the spectrum.
Thus, the effective deployment of CR-WMNs require that each
MR must be able to: sense the current spectrum, select an
available PU-free channel and perform the spectrum handoff to
a new channel in case of PU arrival on the current one. How to
coordinate these actions in the optimal way which maximizes the
performance of the CR-WMNs while minimizing the interference
to the PUs constitutes an open research issue in CR systems.
In this paper, we propose an adaptive spectrum scheduling and
allocation scheme which allows a MR to identify the best schedule
of (i) when to sense the current channel, (ii) when to transmit, (iii)
when to perform a spectrum handoff. Due the large number of
parameters involved, we propose Reinforcement Learning (RL)
techniques to allow a MR to learn by itself the optimal balance
between spectrum sensing-exploitation-exploration actions based
on network feedbacks coming from the MCs. We perform
extensive simulations which confirm the adaptivity and efficiency
of our approach in terms of increased throughput when compared
with non-learning based schemes for CR-WMNs.

I. I NTRODUCTION
The potential of Wireless Mesh Networks (WMNs) as key
technology for broadband Internet wireless access has been
demonstrated by their recent deployments in the urban areas
of Vienna [9], Berlin [8], Chaska [5]. In most of these cases,
the wireless network is organized on a three-tier architecture
composed by Mesh Clients (MCs), Mesh Routers (MRs) and
Internet Gateways (IGWs) [12]. The MCs access the network
through the MRs which form a static wireless backbone and
are responsible to forward the traffic toward the closest IGW.
Compared to the wired counterpart, WMNs can provide important benefits in terms of network scalability and deployment
costs. For instance, the WMN deployed in [9] can serve an area
of 40km of diameter through 400 MRs which are commercial
routers equipped with 802.11g technology operating on the
2.4GHz license free ISM band. However, such a benefit
might turn into a drawback if we consider the increasing
saturation of the ISM bands. In urban areas, WMNs must share
these frequencies with several devices, including other WiFi
networks, cordless phones, remote controls for appliances,

computer peripherals, and so on and thus their performance
might be unable to support the requests of Quality-of-Service
(QoS) of the MCs.
For this reason, a large amount of research in WMNs is
investigating solutions to expand the network capacity through
more flexible paradigms of spectrum access and sharing.
Cognitive Radio (CR) technology constitutes the most interesting approach in this research area [1]. A CR node is
an highly reconfigurable wireless devices which is able to
adapt its transmitting parameters based on the characteristics
of the environments and on the QoS requests of the endusers/applications. Since the reconfigurability spans all layer
of the protocol stack, including the physical layer, a CR node
is able to dynamically decide the frequencies where to transmit
by accessing all the available spectrum, even the licensed ones.
Thus, one of the main advantage of using CR technology over
WMNs (CR-WMNs) is the possibility to allocate each MRMC cluster on a different portion of the spectrum based on the
MCs bandwidth requests. However, such an allocation must
not produce any interference to the licensed owners of the
spectrum, also called Primary Users (PUs).
Spectrum allocation in CR-WMNs is a non-trivial task involving spectrum sensing, exploration and exploitation at the
same time. First, each cluster must be able to select a suitable
channel for its operations. This requires the exploration of the
available spectrum resources by performing frequent channel
switching operations. Such exploration can be achieved by the
MR alone or through collaboration with the MCs. Then, each
cluster must decide the availability of each channel through
sensing techniques at the physical layer [1] [4]. If a channel
is found free from PU activity, then it can be used for opportunistic transmission by the cluster. Otherwise, the cluster must
switch to another channel, thus continuing the exploration
of the licensed spectrum. Frequency and duration of sensing
constitute an important tradeoff between PU protection and
channel exploitation. For instance, in Figure 1 from [6] we
can see that the throughput experienced by a TCP flow in a
CR scenario is significantly influenced by the sensing duration
interval (Ts ). In the given example, the optimal throughput is
achieved when Ts = 0.2. When the sensing interval is too
short (Ts < 0.1), the sensing process might not be accurate,
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Fig. 1. TCP NewReno Throughput for different values of the sensing interval.

and thus frequent packet losses might be experienced due to
P U interference on the current channel. When the sensing
interval is too long (Ts > 0.2), the TCP source might be
forced to reduce its sending rate due to the occurrence of
timeout events caused by the sensing-induced delay.
In this paper, we address the issues of spectrum scheduling
and allocation in CR-WMNs. Basically, we attempt to answer
the following questions, on a per-cluster basis: (i) when and
for how long to sense the spectrum, (ii) when to explore the
licensed spectrum, (iii) when to transmit. Due to the large
number of parameters involved and the highly dynamic nature
of spectrum conditions, it is hard to formulate this problem
using traditional optimization schemes [12]. For this reason,
we propose an adaptive Spectrum Management (SM) scheme
which allows each MR-MCs cluster to autonomously learn the
best balance between spectrum sensing, switching and transmitting actions. We use Reinforcement Learning techniques
[2] so that each MR will receive a network feedback after each
action of sensing, transmitting or switching channel. Based on
received rewards, we propose a probabilistic scheduling policy
through which the MR will attempt to maximize the cluster
throughput while guaranteeing the protection of PUs.
The paper is organized as follows. In Section II, we review
existing proposals of SM schemes in CR-WMNs networks,
by focusing on Machine Learning (ML)-based solutions. In
Section III, we describe our system model. In Section IV, we
formulate the problem through the RL paradigm. In Section V,
we evaluate the performance of the proposed solution. Finally,
Section VI contains Conclusions and Future Works.
II. R ELATED W ORKS
Spectrum sensing and selection constitute well investigated
topics in classical CR networks. Several sensing techniques
have been proposed in the literature to detect the presence
of a PU signal on the current channel, e.g. energy detection
[4] and cooperative sensing schemes [1]. In many cases,
these techniques necessitate a periodic sensing structure, where
sensing and transmission operations are performed in a periodic manner with separate observation period (e.g. Ts ) and
transmission period (e.g. Tx ). In [10], the authors propose

an optimization framework which derives the optimal value
of Ts and Tx , subject to interference avoidance constraints.
Also, the impact of sensing-induced delay on the upper layer
of the protocol stack has been investigated in [6]. Analogously, several distributed and centralized spectrum selection
schemes have been proposed for both classical multi-channel
and cognitive WMNs [12]. However, few works address the
mutual dependance between spectrum sensing and spectrum
selection tasks. Reinforcement learning (RL) constitutes a
promising approach for distributed parameter optimization in
CR networks, in e.g. routing [13], spectrum sensing [3] and
spectrum decision [14] tasks. Instead of addressing a single
factor at a time, a RL agent can observe all the factors
as a state, receive an aggregate feedback (e.g. the cost of
each transmission) and optimize a general goal as a whole,
e.g. throughput [13]. In [15], the authors propose a cognitive
MAC protocol based on Partially Observable Markov Decision
Process (POMDP). Similar to our paper, in [3] the authors use
a RL approach to solve the problem of spectral resources in
OFDM-based CR networks. However, the scheme proposed
in [3] does not balance the trade-off between sensing and
transmitting actions. Here, we extend our work proposed in [7]
by considering cooperation techniques between the MR and
the MCs nodes, and evaluating the ability of the RL scheme
to dynamically adapt to varying PUs conditions.
III. N ETWORK M ODEL AND A RCHITECTURE
We consider the network architecture shown in Figure 2. We
assume that N MCs are associated to each MR, thus forming
a cluster. Each MR works also as an IGW. Both the MCs and
the MR nodes are equipped with two radios: (i) a control radio
(e.g. Rcont ), which is tuned to a Common Control Channel
(CCC), and (ii) a spectrum-agile radio (e.g. RCR ) which
operates in the licensed band. The presence of a fixed control
interface introduces an additional cost which can be justified
by the overhead reduction for broadcast messages, which
otherwise would require to send multiple copies of the same
packets on all the available channels. Finding a suitable CCC
is out of the scope of this work. Without loss of generality, we
assume that the licensed band is divided into K channels. All
the nodes of a mesh cluster operate in the same channel, but
different clusters may operate on different channels to avoid
inter-cluster interference problems. Moreover, each channel
can be occupied by a Primary User (PU), whose activity is
defined through an alternative exponential ON-OFF scheme,
called as a birth-death Markov process [10]: Let αi be the
death rate (or departure rate) for a PU on channel i (e.g.
P Ui ), then the duration of the ON state follows an exponential
distribution with mean α1i . Similarly, let βi be the birth rate
(or arrival rate) for P Ui , then the duration of the OFF state
follows an exponential distribution with mean 1/βi .
Each cluster can operate in three modes: a sensing mode,
a transmitting mode and a switching mode. The current
operation mode of the cluster is decided by the MR, that
can issue the sense, switch, and transmit commands
to the MCs over the Rcont interface. When the MR issues
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Fig. 2.
The CR-WMN architecture with a MC-MR cluster. A possible
schedule of commands issued by the MR is shown along the time scale.

a sense command, the cluster is in sensing mode. Then,
each MC, e.g. M Ci senses the current channel, e.g. channel
j, for an interval Ts . Based on the outcome of the energydetector scheme, M Ci decides between the hypothesis H0
(i.e. no PU detected on channel j) or H1 (i.e. PU is active
on channel j) and communicates its decision di to the MR
on Rcont . When the MR issues a switch command, the
cluster enters the switching mode for a time interval Th . The
switch command issued on the Rcont contains the channel
information which the cluster will use at the end of the
switching delay, and forces the MR and MCs to switch to
the new channel in a synchronous fashion. Note that no data
transfer occurs in the sensing and switching mode. Finally,
the transmit command poses the cluster in the transmitting
mode for a Tx interval, and allows the MCs and MR to engage
in bi-directional communication over the RCR interface.
IV. L EARNING - BASED S PECTRUM M ANAGEMENT
Reinforcement learning (RL) [2] is a biologically-inspired
learning paradigm in which an agent interacts with its environment over a potentially infinite sequence of discrete time
steps, say t= 1,2,3,... Formally, a RL model is described
by the Markov Decision Process (MDP), consisting in a
triple: {S, A, R}. Here, S = {s1 , s2 , ..., sN } is the set of
states, A is the set of actions permissible in each state, and
R : S × A −→  is a function which maps each stateaction pair to a numeric reward. At each step t, the agent
finds itself in a state, e.g. st chooses a permissible action
at , and observes the ensuing reward rt (st , at ). The action to
be performed at each state is decided by the policy function
π : S −→ A. The goal of the agent is to find the optimal policy
π ∗ which chooses the best actions a∗ in each state in order to
maximize the long-term expected reward. Several algorithms
have been proposed in the literature to determine the optimal
policy π ∗ , e.g. Q-learning, Sarsa, Actor-Critic and so on. Here,
we use the Q-learning algorithm with eligibility trace [2]. In

Q-learning, each agent stores some additional information for
each state/action, i.e.: (i) a value function V : S −→  which
measures the opportunity for the agent to be in state s, ∀s ∈ S,
(ii) a state-action function Q : S × A −→  which measures
the opportunity for the agent to be in state s and to perform
action a, ∀s ∈ S and ∀a ∈ A and, (iii) an eligibility trace
E : S −→  which is a metric reflecting the temporal validity
of a state value V (s), ∀s ∈ S.
In the following, we instantiate the RL model to the sensing
scheduling and spectrum allocation problem for CR-WMNs.
Agent, States, Actions. In our problem, an agent is a MR. The
set of states S is the set of channels (i.e. S = K). Thus, s1
denotes channel 1, s2 channel 2 and so on. On each state s, the
MR can choose between the actions of sensing, transmitting or
switching, i.e. A = {ase , asw , atx }. When the MR performs a
asw action from channel s to channel s, this produces a state
change from s to s in the MDP. No state changes occur in
case of atx and ase actions.
Eligibility Trace. Each time an agent performs an action at in
state st , it updates the eligibility trace E(s) of each state s as
follows:

1 if st = s and at = ase
E(s) =
(1)
φ · E(s) otherwise
where 0 < φ < 1 is a discount factor. Through Equation 1, we
define the eligibility of a channel s as the temporal freshness
of the sensing information. Each time we sense channel s,
we reset its eligibility trace to the maximum value (i.e. 1).
Otherwise, we decrease the E(s) value of a φ factor if a
different action is performed.
Sensing Reward. Each time a MR performs an ase action,
it issues a sense command on the CCC. Then, each M Ci
senses the current channel s for a duration Ts and performs its
binary decision (stored in di ) between the hypothesis H0 and
H1 . Since different MCs can experience different propagation
characteristics of the PU signal based on their own locations,
the di values might not be in agreement for all the M Ci .
For this reason, the MR computes the local reward of the ase
action as the average of the di values over the N MCs:
r(s, ase ) =

N

i=0

N

di

(2)

Basically, 0 ≤ r(s, ase ) ≤ 1 estimates the probability that PU
is active on the current channel s based on the majority of the
decisions taken from the MCs. After computing r(s, ase ), the
MR updates the Q-value as follows:


Qt+1 (s, ase ) = Qit (s, ase ) + γ · E(s) · r(s, ase ) − Qt (s, ase )
(3)
where E(s) = 1 − E(s) and 0 ≤ γ ≤ 1 is a parameter which
governs the convergency of learning.
Transmitting Reward. Each time a MR performs an atx action,
it issues a transmit command on the CCC. We define the
reward of the atx action as the average Packet Delivery Ratio

(PDR) experienced by a MC of the cluster, i.e:
N
ACKri
r(s, atx ) = Ni=0
i
i=0 DAT As

Algorithm 1 Learning-based algorithm
(4)

where DAT Ais is the cumulative number of MAC frames sent
by M Ci to the MR during the last Tx period and ACKri
is the number of MAC acknowledgment received by M Ci
from the MR. It is easy to see that r(s, atx ) estimates the
reliability of channel s considering the aggregated impact of:
PU-interference, interference from other clusters using the
same channel, channel errors. After each Tx interval, the
MR collects statistics from the MCs on the RCR interfaces,
computes the r(s, atx ) value through Equation 4 and updates
the Q-value as follows:


Qt+1 (s, atx ) = Qit (s, atx ) + γ · E(s) · r(s, atx ) − Qt (s, atx )
(5)
State Value. Based on the Qt (s, atx ) and Qt (s, ase ) values, we
define the state value of channel s (i.e. V (s)) as the empirical
probability that a MC will successfully transmit a packet to
the MR without causing any interference to the PU, i.e.:


V (s) = 1 − Qt (s, ase ) · Qt (s, atx )
(6)
Switching Reward. We do not associate any specific reward
to the asw action, i.e. r(s, atx ) = 0. Instead, we estimate the
Q-value of the asw action as the potential gain in terms of
state value which can be obtained if the cluster switches from
the current channel s to the channel s with the highest state
value, i.e.:


(7)
Qt+1 (s, asw ) = min V (
s) − V (s), θt+1
Here, s = argmaxh∈S V (h) and θt+1 is the probability to
perform random channel exploration. In our approach, we
perform intensive channel exploration during the network
setup and we progressively reduce it over time, but without
suppressing it at all. Thus, we initialize θ to θM AX , and we
discount it of a δ factor after each action till a minimum value
θM IN is reached, i.e.:


(8)
θt+1 = max δ · θt , θM IN
The optimal values of θM AX , θM IN and δ can not be determined a-priori, since they are scenario-dependant. Moreover,
we force each cluster to stay tuned to the current channel for at
least TM time intervals to avoid the risk of excessive channel
exploration without adequate channel exploitation.
Policy. Based on the Q-values, each MR updates its probabilistic policy π at the end of each period. The probability to
select action a in state s at time t (i.e. πt (s, a)) is computed
by using the soft-max action selection method:
πt (s, a) =

eQt (s,a)
eQt (s,atx ) + eQt (s,ase ) + eQt (s,asw )

The complete learning scheme is shown by Algorithm 1.

(9)

for each time step t do
decide next action a through the policy π
if a == ase then
update Q(s, ase ) through Equations 2 and 3
end if
if a == atx then
update Q(s, atx ) through Equations 4 and 5
end if
if a == asw then
decide next spectrum s̃ which maximizes V (s)
perform state transition to s̃
return
end if
update eligibility trace E(s) through Equation 1
update Q(s, asw ) through Equations 6,7,8
update the policy π through Equation 9
end for

V. P ERFORMANCE E VALUATION
In this section, we investigate the performance of the
RL-based Spectrum Management (SM) scheme described in
Section IV. We use the NS-2 tool with the extension for the
modeling and simulation of CR networks [6]. We consider
three different analysis:
• Single-cluster analysis. We evaluate the accuracy and
speed of convergence of the learning process in a scenario
composed by a single MCs-MR cluster (Section V-A).
• Sensing balancing analysis. We analyze the ability of
our SM scheme to balance the sensing and transmitting
activities in an adaptive way under different PU activity
patterns (Section V-B).
• Multi-cluster analysis. We investigate the ability of our
SM scheme to provide effective channel allocation in a
multi-cluster scenario. (Section V-C).
Unless stated otherwise, we use this configuration: Tx =1s,
Ts =0.1s, Th =0.001s, TM =1s, θM AX =0.8, θM IN =0.2, φ=0.05,
δ=0.05. The network topology and the traffic characteristics
are described separately in the Sections below.
A. Single-cluster analysis
In Figures 3(a), and 3(b), we consider a CR network
composed by a cluster of 10 MCs and 1 MR. Each MC delivers
UDP packets to the MR with a Constant Bit Rate (CBR) of
100 KB/s and a packet size of 1000 bytes. We assume that the
licensed band is divided into 5 different channels (i.e. K = 5).
Each channel i can be occupied by a PUi , whose activity is
described by < αi , βi > parameters. In our configuration,
we have: α = {0.1,0.1,0.1,0.1,1} and β = {1,1,1,1,0.1}.
Here, we do not model the interference caused by adjacent
clusters operating in the same channel. Instead, we consider
only the interference caused by active PUs which transmit
on the same channel used by the MCs-MR cluster. Under
these assumptions, we evaluate the ability of our RL-based
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SM scheme to: (i) identify the channel which provides the
highest transmission opportunity over time, and (ii) maximize
the cluster throughput while limiting the impact to the PUs.
We compare the performance of two SM schemes:
1
• Sequential SM scheme : each cluster sequentially performs sensing (for a Ts interval) and transmitting activities (for a Tx interval). Once a PU signal is detected on
the current channel, the cluster switches to a new channel
in a round-robin order, till a PU-free channel is identified.
2
• RL-based SM scheme : each cluster decides for sensing,
transmitting or switching actions based on Algorithm 1.
Moreover, we consider two evaluation metrics: (i) the network
throughput, which is defined as the amount of bytes per
second successfully received by the MR from the MCs, and
(ii) the collision risk (COR) index which is defined as the
probability that a MC transmission will interfere with an active
PU on the current channel. Basically, the network throughput
measures the performance of the CR-WMN, while the COR
index estimates the interference caused by the CR-WMN to
the PUs. Figure 3(a) shows the network throughput over time
1 shortened
2 shortened

to ”Sequential Scheme” in Figures 3(a) and 3(b).
to ”RL-based Scheme” in the Figures 3(a) and 3(b).

(on the x-axis). Both the RL-based and the Sequential schemes
experience an initial phase of exploration which is required to
determine the best channel, i.e. the channel which provides the
highest transmission opportunity for the CR-WMNs (channel 5
in our configuration). However, the RL-based scheme guarantees a better exploitation of the channel, since it progressively
reduces the amount of sensing performed by the cluster under
regime of low PU activity, while increasing the transmission
opportunities for the MCs. As a result, the RL-based scheme
provides higher throughput than the Sequential scheme. Figure
3(b) shows the collision risk (COR) index over simulation
time (on the x-axis). Figure 3(b), shows that after the initial
exploration phase the throughput enhancement provided by the
RL-based scheme does not come at the expense of additional
interference caused to the PUs.
B. Sensing-balancing analysis
In this analysis, we evaluate the performance of the two
SM schemes under different PU activity patterns. To this aim,
we consider the single-cluster scenario defined above, with
the same network and traffic parameters. However, we vary
the α and β parameters which govern the ON/OFF states of
the PU activity. Based on the α-β PU model described in

Section III, we recall here that the average ON time is given
by the value of α1 . Thus, increasing the α value is equivalent
in reducing the average PU ON time on each channel, i.e. in
increasing the spectrum opportunity for the CR-WMN cluster.
In Figure 3(c), we show the aggregated network throughput
(on the y1-axis) and the COR index (on the y2-axis) as a
function of the α factor (on the x-axis). The β factor is fixed
and equal to 1 for all the channels. Again, we compare the
performance of the Sequential SM scheme and the RL-based
SM scheme. Figure 3(c) confirms that the throughput of the
CR-WMNs increases with the α factor, i.e. when we reduce
the PU activity on each channel. For α < 2, the Sequential
scheme slightly enhances the RL-based scheme, due to the
fact that it deterministically interrupts any transmission attempt
till a PU-free channel is identified. Conversely, the RL-based
scheme provides a consistent performance improvement under
moderate PU activity (i.e. α > 2), due to the balancing of
channel exploration and exploitation provided by the learning
algorithm. Moreover, such a balancing does not introduce any
additional interference to the PUs, as shown by the COR
index in Figure 3(c). In Figure 4(a) we show the ratio of time
spent from the cluster in transmitting, switching and sensing
modes for the RL-based scheme, as a function of the α factor
(on the x-axis). Figure 4(a) shows how the RL-based scheme
can dynamically adjust the exploration-exploitation tradeoff
based on network feedbacks, and without assuming any apriori knowledge of the PU activity. Under high PU activity
conditions (i.e. α=0.25), the cluster is involved in channel
sensing 20% of the time, in order to maximally protect the
PU transmissions. However, such a percentage is reduced to
less than 9% under moderate PU activity conditions (i.e. α=5),
while the transmission time is increased up 90% in order to
maximize the CR-WMN performance.
C. Multi-cluster analysis
In this scenario, the network is composed of 16 MRs
placed on a square of 4 × 4 node grid. There are 4 MCs
associated with each MR, thus the total number of the
nodes of the CR-WMN is 80. We assume K=5, with the
following PU activity pattern: α = {0.01, 1.0, 1.0, 0.01, 1.0}
and β = {1.0, 0.01, 1.0, 1.0, 0.01}. Conversely to the singlecluster analysis, here we evaluate the ability of our SM
scheme to perform distributed channel allocation under PUinterference and interference caused by other CR-WMN nodes.
As term of comparison, we consider the dynamic channel
assignment scheme (DCA) [11]. In DCA, each cluster chooses
the less-interfered channel in its neighborhood, considering
the number of mesh node interferers as selection metric.
Moreover, the DCA scheme implements the Sequential SM
schedule described in Section V-A. Figure 4(b) shows the
average throughput for cluster, as a function of the system load
produced in each cluster (on the x-axis). The DCA scheme
avoids the interference caused by other CR-WMN nodes, but
it experiences suboptimal spectrum selection because it does
not take into account the PU interference. Thus, it might
incur in frequent spectrum handoff operations caused by the

PU detection on the current channel. Instead, the RL-based
scheme takes into account both the cluster performance and
the amount of PU interference in each channel, through the
channel value metric (Equation 6). As a result, the RL-based
scheme can provide higher throughput (Figure 4(b)) and lower
delay (Figure 4(c)) than the DCA scheme under moderate and
high traffic loads produced by the MCs.
VI. C ONCLUSION AND F UTURE W ORKS
In this paper, we have proposed the application of CR
technology and RL techniques to increase the capacity of
WMNs. We have described an adaptive sensing scheduling
and spectrum allocation scheme through which a MR can
learn an efficient balancing of channel sensing and transmitting
actions. The simulation results have revealed that this approach
can provide significant end-to-end performance gain for the
WMNs, while guaranteeing the protection of the PU activity
on each channel. We plan to investigate the relationship
between cooperative and individual learning as future work,
and to implement the proposed solutions on a CR testbed.
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