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Abstract This paper shows how channel assignment in multicast terrestrial communica-
tion systems with distributed channel occupancy detection can be improved using intelligence
based on reinforcement learning and transmitter power adjustment. It is shown how such
schemes greatly reduce the number of reassignments and improve the dropping probability,
at the expense of increased blocking. It is found that using different minimum quality of
service threshold percentages can partly control and improve the performance, in place of
the more traditional SINR threshold levels. The paper also shows how a power adjustment
technique is developed which significantly reduces the level of overlap between adjacent
base stations, and further reduces interference and transmitter power.

Keywords Cognitive radio · Reinforcement learning · Multicast · Distributed sensing ·
Power adjustment

1 Introduction

Cognitive radio has been suggested as a new way to implement efficient reuse of the pooled
radio spectrum assigned to multiple wireless communication systems, by exploiting a wide
variety of intelligent behavior [1]. Cognitive radio detects the unused portion of spectrum,
and then uses this band taking the required steps to avoid interference with future licensed
users [2]. Radios can monitor the spectrum and choose frequencies that minimize interference
to existing communication activity, in order to optimize the usage, especially the reuse of
spectrum [3]. Multicasting, especially on the downlink, will be an important feature of future
pooled spectrum systems instead of unicast, and channel assignment schemes are one of
the important tasks for controlling the efficiency of multicasting spectrum usage. Generally,
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channel assignment can be divided into fixed channel assignment (FCA), dynamic channel
assignment (DCA), which is often used for cognitive radio, and hybrid channel assignment
(HCA) [4–7]. Here we use a user population based DCA optimization method to determine
the most suitable channels, which uses the statistics of the SINR obtained from multiple
users to select the best channel for different base station combinations. The scheme used
here selects a channel based on serving the different percentages of a user population across
the coverage area [8]. Distributed detection is used here, which infers information from the
environment or users instead of exchanging information between BSs.

Reinforcement learning (RL) is a method to describe the behavior of an agent that learns
through trial-and-error interactions with a dynamic environment so as to maximize some
notion of long-term reward [9]. It will learn the information based on the external environ-
ment and previous states, which then influences the current activation [1]. The weight is used
to show the influence from the previous users or the factors based on circumstance, which are
then updated on each activation. In this paper, we implement this computational method by
using weights to give the positive or negative feedback for each base station on each channel.

Cognitive radios have the capability to adjust their transmission parameters to achieve
better performance [2]. The transmission parameters that may be adjusted to improve com-
munication quality include: operating frequency, modulation scheme and transmit power
[10,11]. In this paper, the transmit power will be adjusted to reduce overlap between neigh-
boring base stations (which operate on different channels) thereby saving power and further
reducing the interference.

Therefore the main aim here is to apply reinforcement learning to the channel assignment
process of multicast communication systems, which operate with downlink transmitter power
adjustment at the base station. This will exploit information from randomly distributed users,
providing distributed detection. The assignment will use a threshold based on a quality of
service guarantee across differing percentages of this user population. Previous research has
adopted a SINR cdf to control the performance of a distributed channel assignment scheme
with reinforcement learning [9].

This paper is organized as follows: in Sect. 2, the model of the multicast scenario and
related system parameters are briefly overviewed. Section 3 introduces the distributed channel
assignment scheme and their characteristics, followed by the reinforcement learning rules.
The results arising from different user populations influencing the distributed reinforcement
learning schemes are then analyzed and discussed in Sect. 4, followed by the power adjust-
ment applied in the system. Finally conclusions are presented in Sect. 5.

2 Coexistence Scenario and System Parameters

To evaluate performance we examine a specific percentage of users being served by each
base station simultaneously. A simplified test scenario is used, which is based on a number
of channels with terrestrial base stations randomly distributed over the service area. The area
of interest is defined by a square coverage area with sides of 10 km with test users located
in random positions on a 100 m grid. Due to the random base station locations, the area of
influence from each base station is unpredictable. A number of channels in this paper simulate
a multi-channel terrestrial communication system, with the findings generally applicable to
a frequency bands below 6 GHz. The numbers of base stations and channels can be changed
flexibly with different requirements of the terrestrial system. Here 1,000 users are randomly
distributed over the coverage area, and a subset of users are randomly chosen from this set
of users.
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The received power for user Ps is the significant factor for obtaining SINR (which will be
described later). The propagation model implemented here is Okumura-Hata. In urban areas,
Ps has the relationship with transmitted power Pt and path loss LdB as below:

Ps = Pt/LdB (1)

and LdB is calculated by

LdB = A + B log R − E (2)

There are three equations to calculate the parameters for (2)

A = 69.55 + 26.16 log fc − 13.82 log hb

B = 44.9 − 6.55 log hb

E = 3.2(log(11.75hm))2 − 4.97 for large cities

where fc is the carrier frequency, hb and hm are the base station antenna height and mobile
station antenna height above the local terrain height. Where fc is the carrier frequency, hb

and hm are the base station antenna height and mobile station antenna height above the local
terrain height, and R is the distance between transmitter and receiver. According to (1), the
received power at a user decreases with the increasing distance from the base station (BS).
To determine the performance of the system, it is necessary to determine the Signal-to-Inter-
ference-plus-Noise Ratio (SINR).

SINR = Ps

Pn + ∑
Pi

(3)

where Ps is the wanted signal power and Pn is the noise power,
∑

Pi is the summation of all
the interfering base stations on the same channel. Both Ps and Pi are determined using (1).
We assume that the base stations, that operate on different distributed channels will not influ-
ence the SINR value of other base stations, i.e. adjacent channel interference is negligible. In
order to ensure a sufficiently high SINR value, a threshold is used as a method of evaluating
the appropriate interference between each user and finally determining the performance.

The noise power used to form part of SINR can be expressed by [12]:

Pn = 10 log(FkT B) (4)

where F is the noise factor, k is Boltzmann’s constant, T is the ambient temperature and B
is the bandwidth. Other parameters of the terrestrial system are shown in Table 1.

3 Channel Assignment Schemes with Reinforcement Learning

An example of a multicast scenario is shown below in Fig. 1. The randomly located users
connect to the nearest base station. A certain minimum percentage of the users have to receive
SINR for each base station to be successfully assigned on the channel. So the user population
here represents different proportions of the users which satisfy the SINR requirements. For
example, SINR values of more than 95% of the users should be greater than 4.3 dB. We
choose 90 and 95% of the user populations satisfying this minimum performance criterion
in this paper, which is typical in terms of coverage based quality of service.

The distributed schemes here do not require a central controller; instead they infer informa-
tion from the environment or users instead of exchanging information between BSs. Although
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Table 1 System parameters Parameter Value

Service area 10km × 10km

Transmitter height 15 m

Transmit power 21 dBm

BS antenna gain 10 dB

User antenna height 1.5 m

User antenna gain 1 dB

Antenna efficiency 100%

Bandwidth 3 MHz

Frequency 900 MHz

Noise power −102.7 dBm

user

user

user

user
user

BS 1

BS 2

BS i

user

Fig. 1 The multicast scenario

the distributed schemes may be more vulnerable to shadowing and the ‘hidden node prob-
lem’ [13], they are more scaleable and should deliver a system with lower node complexity.
A scheme, which we refer to here as the random picking distributed scheme, applies the
reinforcement learning to select the most appropriate available channel.

Applying reinforcement learning to the distributed channel assignment schemes is aimed
at improving the performance of more conventional schemes by using previously obtained
knowledge to aid future decisions. This is shown to further improve the assignment stability
and general performance of the cognitive radio system [14–16]. The following content briefly
describes the basic rules of the distributed reinforcement learning algorithm used here: Ini-
tially, all channels start with an equal weighting, but after each activation, the weights are
updated on a channel according to the conditions shown in Table 2—successful or unsuccess-
ful channels will result in different positive or negative changes of the weights. That means
the weights are increased or reduced on each activation. On the next activation, the BSs will
choose the channel with the highest weight as the highest priority channel to attempt to be
assigned using any channel assignment schemes as required. So reinforcement learning will
help the channels to find the most appropriate way to be assigned and maximally reduce the
interference and significantly avoid the collisions. The weighting values can be represented
by Eq. 5 based on [17,18].

Wi = FWi−1 + W f (5)
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Table 2 Threshold and
weighting factor

Type of BSs Thresholds Weights (W f )

New
Acceptance T > 4.3 dB +2

No acceptance T <= 4.3 dB 0

Existing
Reassignment 2.3dB =< T <= 3 dB −1

Dropping T < 2.3 dB −2

Reassignment
New acceptance T > 4.3 dB +1

Where Wi is the weight of current iteration after updating the information from the previous
weight Wi−1. W f is the weighting factor that is the weight value associated with the operation
of current system and channel assignment, as shown in Table 2. F is the parameter used to
adjust the proportion of the previous weight that will be considered later, and is set as 1 in
this paper.

Table 2 is based on different base station assignment conditions. We define the weighting
factors of the user population for different thresholds. Here 2.3 dB is used as the threshold
of GMSK modulation [12] for it to be demodulated with an adequate bit error rate. For most
cases we select a common 4.3 dB threshold based on the original acceptance threshold plus a
2 dB margin. here are three different types of assignment conditions. If a base station is newly
accepted on a channel, the weight associated with that channel is increased by 2 (a reward),
or 0 if it fails (no punishment) as shown in Table 2. If an existing base station is forced off its
existing assignment we assign the channel −1 as a punishment for requiring reassignment.
We use −2 if dropping occurs after failing reassignment on 5 different channels successively.
For the reassignment, we define +1 as the weight increase associated with a new channel
following a successful reassignment, because it is not as important as a new base stations’
initial assignment, but it still needs to be rewarded for successful assignment. If a reassign-
ment is forced due to interference then the weight associated with the channel is reduced by 1.
These values at the moment have been chosen arbitrarily, and further work will be needed to
choose optimal ones. In addition, the weight factor could be designed adaptively, not merely
limited to integers. We will pay more attention for building a whole weight system, instead
of choosing them arbitrarily.

The flowchart below shows how different types of base stations operate the distributed
channel assignment scheme with reassignment, blocking and dropping phases, and the ways
they update the weights. The area inside the dashed line is the step that is responsible for
determining whether the channel should be assigned, reassigned, blocked or dropped. We
define these combined steps here to simplify the later flow chart shown in Fig. 2.

The simulation steps of the random picking distributed scheme with reinforcement
learning are briefly described below:

Step 1: Initial step
Number all the base stations and channels from 1, respectively. Keep the best 3 channel sets
from the last iteration for each BS (the best 3 channel set is obtained by selecting the highest
3 weights for each testing BS corresponding to each channel)
Step 2: Channel assignment
Initial activation: All the channel weights in each base station are the same. This scheme
selects 3 random channels for each base station as the best 3 channels to start.
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Fig. 2 Flowchart for distributed channel assignment

Subsequent activation: The best 3 channel set is used for each BS. A random channel from
the best channel set is chosen, with the remaining channels from the best channel set chosen
randomly if the channel(s) fail. Once the best channel set has been exhausted, the remaining
channels from the pool are selected randomly. The initial assignment and reassignment will
be stopped after trying five channels.
Step 3: Weight update

The weights are changed and recorded after each activation using the values in Table 2. This
means the best 3 channel sets may also change after each activation.

4 Model and Results

We will discuss the effect on performance of different user populations applied in the random
picking distributed channel assignment scheme, after a different number of weight update
iterations. Base stations are assigned in random order, and 1,000 sets of user locations are
used in order to provide an adequate number of trials for obtaining correspondingly statisti-
cally significant results. In the past, we used to select the model with 5 channels and 30 base
stations [9], but due to loading quality of service dropped below that which is considered
acceptable, so here a model with 10 channels and 50 base stations is used in this paper to
better illustrate the channel assignment.

From the results in [17], we know that the number of users per base station play an impor-
tant role in improving the performance, particularly in reducing the need for reassignment,
but also dropping. In this situation, more hidden node situations can be prevented if the
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Fig. 3 Average number of reassignments, probability of dropping and blocking with 15 users per base station

number of users per base station is large enough. We use the following equation to find the
suitable number of users per base station:

No = Kd
S

Nu Nb
(6)

Where Kd is the density of users, which effectively adjusts the size of potential coverage
area of a base station based on the number of users per base station, S is the total area of
coverage area and Nu is the total number of users and Nb is the number base stations. So the
suitable number of users is approximately 14 in this scenario here, corresponding to a 95%
level when we use 15 users per base station to obtain the channel assignment results [17]. It
is important that there are sufficient users to help alleviate the ‘hidden node problem’. Either
a very high density or low density of users will result in the channel assignment performance
being degraded. This number of users per base station is also linked to the power adjustment
which will be discussed later.

In Fig. 3, the performance with respect to the number of weight update iterations at
each base station is shown. That means the system is tested from no reinforcement learning
applied in the distributed schemes (iteration 0), to weights obtained after 1,000 iterations. We
include the average number of reassignments, the probability of dropping and blocking in one
figure in order to see the proportion they contribute, and also for obtaining the whole trend.
The simulation here is not a true Monte-Carlo simulation, because the weight derivation is
a cumulative process that is increased or reduced after each activation, with all the results
obtained from the previous results. The learning process is never stopped. It is found that with
dropping and blocking, the reinforcement learning plays an important role for improving the
performance, particularly in reducing the need for reassignment. The number of reassign-
ments is significantly reduced after a large number of iterations have been used to set the
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channel weights. When the weight update iterations increase, not only is the reassignment
probability greatly reduced, but it also improves the rate at which base stations find suitable
channels for assignment. This means that the base stations are much more likely to find a suit-
able channel, because the high weighted channels will help the users avoid the interference.
Blocking and dropping performance are also improved after 1,000 iterations; the probability
of dropping decreases to a residual value, which shows that reinforcement learning when
used with a multicast user population helps the system avoid dropping. The convergence rate
of reinforcement learning is also an interesting direction for future work, along with applying
different machine learning knowledge and algorithms.

The behavior of the assignment process in distributed channel assignment schemes can
be divided into three periods (investigation period, accumulation period and mature period)
based on a selection of a percentage of users across the entire coverage area, first seen in [9].
This user distributed occupancy situation is also seen in this case. The difference here is the
decreasing rate of reassignment here is slightly lower, which is a result of using a limited
user population, rather than obtaining performance from test users regularly spaced over the
coverage area. These groups of users are not able to cover all the area, which may result
in less information exchange in the system than before. As the density of users increases a
greater number will be used for detection at each base station. The number per base station
can be limited by defining a nominal service area, which is less than the actual coverage area
(due to minimum SINR), but coverage area overlap will still exist.

Figure 4 shows the probability of users with the ability to connect to a different number
of base stations. The total number of users here is 15 per base station. In the scenario tested
here, nearly 90% of the users can potentially connect to 2 base stations on different channels,
indicating that there is a high level of overlap. Also, the users in the central area are more
frequently selected, which may cause the weights of the base stations to be influenced faster
than others. The level of overlap is affected partly because of the random location of base
stations and the density of users. This kind of situation needs to be avoided in the real com-
munications system. Power adjustment will help reduce the overlap and will be explained in
the next section.
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Fig. 4 Multiple base station connection for individual users

123



Cognitive Radio with Reinforcement Learning 81

Table 3 Percentage thresholds
and weighting factors

Type of BSs Thresholds Weights (W f )

New
Acceptance 95%T > 4.3 dB +2

No acceptance 95%T <= 4.3 dB 0

Existing
Reassignment 95%T <= 4.3 dB −1

Dropping 85%T < 2.3 dB −2

Reassignment
New acceptance 95%T > 4.3 dB +1

Now we investigate the effects of adjusting the channel assignment thresholds. We update
the original thresholds of Table 2 according to Table 3, which is a new attempt to take into
account the user population, and the reinforcement learning. Previously the same percentage
of minimum user population served was adopted for blocking, dropping and reassignment,
so here we focus more maintaining specific percentage of the user population served in each
category and less on the SINR thresholds. The 4.3 dB threshold is still based on the original
acceptance threshold plus a 2 dB margin, but now this is coupled with a minimum population
percentage threshold. This margin is included to cope with small fluctuations in interference,
e.g. as a result of new arrivals on the same channel in locations far from the coverage area,
which would result in connections being reassigned or dropped. In practice, interference
will also fluctuate due to other effects, such as multipath, change in transmission parameters
etc. However, if the margin is too large then connections are blocked unnecessarily, hence
the margin of 2 dB is a compromise figure. For dropping we set an 85% threshold at 2.3 dB
instead of 95%, as a minimum level. This slightly relaxed condition still keeps the vast major-
ity of users active in the systems, and seems a better option rather than forcibly dropping
otherwise active users in the system. An alternative strategy that is beyond the scope of this
paper is to keep all systems active providing some users are benefiting from service, and
instead recording the connection as being disturbed (for a period).

Comparing Figs. 3 and 5, we find that using the modified percentage threshold yields
better performance and is a more flexible way of controlling behavior. There are two ways
to identify the thresholds, one is based on a fixed percentage of the user group and another is
changing performance by selecting an appropriate percentage of the user population rather
than adjust the SINR threshold value. The reassignment threshold in Table 3 is stricter than
the range of SINR values in Table 2, so the base station will be reallocated more frequently
and this helps dropping and blocking rate decrease. Dropping is also reduced due to the more
relaxed threshold.

5 Power Adjustment

Reducing overlap is an important issue to consider further because it can result in high
unwanted levels of interference. The following figure shows the spatial layout of adjacent
base stations on different non-interfering channels. In order to solve the overlap problem in
Fig. 4, we will adjust the power over the coverage area, assuming a fixed number of users are
connected to each BS, in order to minimize the overlap and further reduce the interference.

In this base station service area with power adjustment, as an example, we assume ‘BS’ is
the base station whose transmit power will be adjusted, BS1, BS2 and BS3 are three adjacent
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Fig. 5 Probability of reassignment, dropping and blocking with modified thresholds

BSs. The dashed circles for each base station represent different service areas, which shows
that they could work for different modulation schemes as required. In the fixed transmitter
power situation, the higher the SINR threshold required, the smaller service area that will be
covered. Initially, the minimum percentile threshold is 2.3 dB, but this will be varied later.
Due to the different locations of users for each iteration, the service area for each BS changes,
meaning that the transmit power also needs to be changed each iteration. To find a suitable
transmit power for each BS, we need to define a minimum receive power for the users at the
boundary between different BSs, which means inside this boundary, the users will belong to
this specific BS, meaning that the overlap can be reduced. The position of BS, BS1, BS2 and
BS3 are shown in Fig. 6. If the service area of two base stations overlap, the users connected
to each BS will decrease. Therefore, the equations for calculating the transmit power are:

PTXL ′ = max (Smin d B + L1, Smin d B + L2, . . .) (7)

PTXL = min (PT X L ′ , Pmax) (8)

Smin can be calculated from the equation below:

ST = 10 log10
Smin

I + N
(9)

Smin = 10
ST
10 (I + N ) (10)

Where Smin is the minimum received power at the edge of coverage area. Li is the path loss to
the ideal edge of cell boundary to prevent no overlap, which is the same as the pass loss in the
Okumura-Hata model we used in Sect. 2. ST is the SINR threshold for different modulation
schemes. We assume the INR is 10 dB as a typical value to estimate the interference level, the
minimum SINR threshold is used 2.3 dB. After this process, the transmit power for ‘BS’ is
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Fig. 6 Base station nominal service area with power adjustment-All base stations are in different channels

Fig. 7 Flowchart for channel
selection and assignment with
power adjustment in system

Adjust the power

Channel assignment

Test BS (i) in channel j,
channel selection

Adjust the weights

reset, and this is repeated at each BS, in order to obtain new transmit powers; all are limited
by the Pmax constraint.

Compared to the previous flowchart, we add one more step for power adjustment between
the channel selection and assignment parts. The improvement here does not directly contrib-
ute to the weight itself, but greatly improves the user distributed occupancy detection and
also is independent of the channel assignment scheme. The new flowchart is shown above
(Fig. 7).

Figure 8 shows the cumulative probability of users with the ability to connect to a differ-
ent number of base stations. The total number of users here again is 15 per base station and
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Fig. 8 Multiple base station connection for individual users

the minimum percentage threshold is 2.3 dB. Compared with the no power adjustment case,
about 30% for 100 iterations and 20% for 1,000 iterations of the users are shared by 2 base
stations in different channels, i.e. the power adjustment reduces the level of overlap, and the
overlap is further reduced by the reinforcement learning. Due to the random location of users
it is only possible to reduce the overlap, not completely eliminate it. As BS and BS3 shown
in Fig. 6, if the service area boundaries intersect, there is still a small area of overlap, and
users in this area can connect to two BSs. This is especially true for the users in the central
area.

Figure 9 shows the percentage power reduction in transmit power for different reassign-
ment thresholds. 2.3 dB is used for GMSK as a minimum threshold for reassignment, other
thresholds are increased by each 2 dB margin as we explained before in weights part. When
the threshold is 2.3 dB, the new transmit power is lower on average by −10.8 dB for 100
iterations, and −11 dB for 1,000 iterations compared with the original level. For both of 100
and 1,000 iterations, it is found that after power adjustment, the transmit power level has been
reduced significantly but the users still satisfy the acceptance threshold. This significantly
reduces the overall energy required in the communications system. Learning activation here
is not that obvious for power adjustment from 100 to 1,000 iterations, especially when the
iteration close to 1,000. Compared to the no power adjustment case, the learning process with
power adjustment obtains enough information earlier, which means learning is more mature
for this number of iterations, as service areas change little after this time.

From Fig. 10, it is found that compared to the no power adjustment scheme, the scheme
with power adjustment starts with less reassignment. After a large number of iterations, the
decreasing rate of reassignment is still higher than the scheme without power adjustment.
When the power adjustment is based on the SINR boundary threshold of 2.3 dB, the transmit
power level is much lower than the original transmit power level. It shows that the reinforce-
ment learning also works well for this scheme, as the performance is greatly improved. Due to
the new transmit power being much lower than the original case, base stations can be located
in relatively random positions without explicitly considering the channel assignment. In the
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Fig. 10 Performance of power adjustment for reassignments, dropping and blocking with 15 users per base
station

same random location situation, the scheme with power adjustment causes a lower interfer-
ence than the scheme without power adjustment. This also explains why reassignment using
a 10.3 dB threshold is worse than a 2.3 dB threshold. The three periods defined before for
reinforcement learning process are still seen, only that the decreasing rate of reassignment
here is smaller, because the initial channel assignment for the scheme with power adjustment
is much better than the scheme without power adjustment. The improvement space is not as
much as the scheme without power adjustment.

The blocking performance with power adjustment is worse than with the no adjustment
cases. In the case of reduced power level situations, more base stations are being packed
onto the same channel for initial assignment, which will cause the blocking to increase. The
decrease in dropping will also cause a further increase in the blocking as space is not freed
up on the assigned channels. Dropping improves significantly because the reduced power
means that overall there is less interference from other base stations on the same channel.
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6 Conclusion

This paper has presented a random picking distributed channel assignment scheme applied
to a cognitive radio system exploiting reinforcement learning with a user population receiv-
ing multicast downlink transmissions, with performance improved by power adjustment.
It is found that distributed channel assignment schemes with reinforcement learning can
efficiently improve the performance of channel assignment by limiting the reassignment,
blocking and dropping rates. Moreover, adding power adjustment into the system helps base
stations reduce their overlapping coverage areas and further reduces the interference from
other BSs. The results show how the number of reassignments in the various schemes is
significantly reduced after a large number of weight update iterations are used. By using the
multicast architecture it is possible to exploit channels that utilize occupancy detection from
multiple users, which helps solve the hidden node problem, resulting in a reduced number
of reassignments and improving the dropping probability. However, this is at the expense
of higher blocking because it is more difficult to find suitable free channels because they
are more likely to be occupied by the multiple users. Different minimum quality of service
threshold percentages can be used to control and improve performance, in place of the more
traditional SINR threshold levels. It is found that significantly reducing the levels of overlap
between adjacent base stations improves the performance of reassignment, dropping and
blocking, while also reducing interference and saving transmitter power.

References

1. Mitola, J., III, & Maguire, G. Q., Jr. (1999). Cognitive radio: Making software radios more personal. IEEE
Personal Communications, 6(4), 13–18 (see also IEEE Wireless Communications).

2. Alsarhan, & Agarwal, A. (2009, August). Cluster based spectrum management using cognitive radios
in wireless mesh network. In COGCOM 2009. San Francisco, USA.

3. Fette, B. A. (2006). Cognitive Radio Technology. Jordan Hill, Oxford: Elsevier Science and Technology
Books.

4. Katzela, I., & Naghshineh, M. (1996). Channel assignment schemes for cellular mobile telecommu-
nication systems: A comprehensive survey. IEEE Personal Communications, 3, 10–31.

5. Berlemann, L., Mangold, S., Hiertz, G., & Walke, B. (2006, April). Policy defined spectrum sharing
and medium access for cognitive radios. Journal of communications, 1(1), 1–12.

6. Cheng, M. M.-L., & Chuang, J. C.-I. (1996). Performance evaluation of distributed measurement-based
dynamic channel assignment in local wireless communications. IEEE Journal on Selected Areas in
Communications, 14, 698–710.

7. Peha, J. M. (2005). Approaches to spectrum sharing. IEEE Communications Magazine, 43, 10–12.
8. Yang, M., & Grace, D. (2008). Cognitive radio based spectrum assignment for heterogeneous multicast

terrestrial communication systems with different transmission rate requirements, Cognitive Radio and
Software Defined Radios: Technologies and Techniques, IET Seminar on 18th Sep. 2008.

9. Yang, M., & Grace, D. (2009, June). Cognitive radio with reinforcement learning applied to multicast
terrestrial communication systems. In CROWNCOM. Hannover, German.

10. Zhao, J., Zheng, H., & Yang, G. H. (2005). Distributed coordination in dynamic spectrum allocation
networks. In IEEE DySPAN (pp. 259–268).

11. Weiss, T. A., Hillenbrand, J., Krohn, A., & Jondral, F. K. (2003). Efficient signaling of spectral
resources in spectrum pooling systems. In 10th Symposium on Communications Vehicular Technology
(SCVT).

12. Saunders, S. R. (reprinted in August, 2004). Antennas and Propagation for wireless communication
systems. University of Surrey, Guilford, UK, John Wiley & Son Ltd.

13. Harrold, T. J., Faris, P. C., & Beach, M. A. (2008). Distributed Spectrum Detection Algorithms for
Cognitive, Cognitive Radio and Software Defined Radios: Technologies and Techniques, IET Seminar
on 18th Sep. 2008.

14. Kaelbling, L. P., Littman, M. L., & Moore, A. W. (1996). Reinforcement learning: A survey. Journal
of Artificial Intelligence Research, 4, 237–285.

123



Cognitive Radio with Reinforcement Learning 87

15. Sutton, R. S., & Barto, A. G. (1998). Reinforcement learning: An introduction. Cambridge: The MIT
Press.

16. Mitchell, T. M. (1997). Machine learning. New York: McGraw-Hill.
17. Yang, M., & Grace, D. (2009, August). Cognitive radio with reinforcement learning applied to multicast

downlink transmission and distributed occupancy detection. In COGCOM. San Francisco, USA.
18. Jiang, T., Grace, D., & Liu, Y. (2008). Cognitive radio spectrum sharing schemes with reduced

spectrum sensing requirements, IET Seminar on 18th Sep. 2008.

Author Biographies

Mengfei Yang received her B.E. (Hons) degree in Electronics Engi-
neering from the Department of Electronics, University of Central
Lancashire, UK, in 2005. She is currently a Ph.D. student in the
Communications Research Group, University of York, under the super-
vision of Dr. David Grace. Her research interests include dynamic
channel assignment, interaction and coexistence of heterogeneous
multicast terrestrial communication systems, applied with artificial
intelligence technique, especially on reinforcement based learning. She
jointed the Worldwide Universities Network Cognitive communica-
tions Consortium and presented the work in the second meeting in
Hannover, Jun, 2009.

David Grace is Head of Communications Research Group and Senior
Research Fellow within the Department of Electronics at the University
of York. Current research interests include cognitive radio, particularly
applying distributed artificial intelligence to spectrum assignment, and
cognitive networking, interference management and coexistence. Cur-
rently, he is a co-investigator of the FP7 BuNGee project dealing with
broadband next generation access, and recently he was the principal
investigator of a UK MOD project on ‘Cognitive Routing for Tacti-
cal Ad Hoc Networks’. From 2003–2007 he was the technical lead for
the 14-partner FP6 CAPANINA project. He is currently chair of the
Worldwide Universities Network Cognitive Communications Consor-
tium, which has 50+ member organisations worldwide. He is an author
of 140+ papers, and a member of COST IC0902 and the IEEE Commit-
tee on Cognitive Networks. From 2005–2009 he was COST 297 WG1
chair which dealt with radio communications for high altitude plat-
forms. In 2000, he jointly founded SkyLARC Technologies Ltd, and
was one of its directors.

123


	Cognitive Radio with Reinforcement Learning Applied to Multicast Downlink Transmission with Power Adjustment
	Abstract
	1 Introduction
	2 Coexistence Scenario and System Parameters
	3 Channel Assignment Schemes with Reinforcement Learning
	4 Model and Results
	5 Power Adjustment
	6 Conclusion
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 149
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 149
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 599
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
    /DEU <>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice


