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of cognitive radio and dynamic spectrum access, game theory
has been extensively applied to study the interaction between
the primary and secondary users and identify optimal strategies
for channel access. For reference see for example [11], [12],
[13], [14].
In [15] and [16] we introduced a distributed load balancing algorithm for dynamic channel allocation. We showed
analytically that it is possible to design a simple and yet
fast converging algorithm for channel allocation which relies
only on local information. Several similar algorithms on load
balancing exist in the literature, see for example [17], [18].
In this paper we extend the previous work by comprehensive
simulation analysis in order to validate our theoretical findings.
We study the convergence properties of the algorithm in a
simulated network environment. Furthermore we observe the
aggregate throughput and the fairness in the network under
our channel allocation algorithm. Our simulation results show
moderate gains in throughput and a clear fairness improvement.
The remainder of the paper is structured as follows: In
Section II we describe our system model and formulate the
proposed protocol for distributed load balancing channel allocation. Section III and Section IV outline the simulation setup
and present our simulation results respectively. We conclude
the paper with final remarks and discussions in Section V.

Abstract—In this paper we validate through simulations the
convergence properties of our earlier proposed balls and bins
channel allocation algorithm. The algorithm supports dynamic
channel allocation based on local link quality information and
does not require exchange of network information. Each radio
evaluates periodically a cost function related to the desired QoS.
Based on the calculated cost the radio may change the channel
with probability proportional to the excess of the current cost
over a cost threshold set by the user application.
Earlier theoretical work showed the algorithm has low complexity and excellent convergence properties. In this paper we
show that radio network simulations confirm the results. In
terms of aggregate network throughput the algorithm offers
on average modest gains. The most remarkable improvement
that the proposed algorithm offers is in terms of fairness. The
results show that the worst link throughput in the network can
be improved up to 70%. The algorithm guarantees a certain
minimum performance to all the links in the network that is
determined by the maximum cost set. If all the transmitters have
the same cost threshold and there exists a suitable link allocation
for the cost threshold set then fairness in the convergence state
is guaranteed.

I. I NTRODUCTION
Finding efficient channel allocation strategies for WLANs
has been an active research topic for some time now. The
way wireless channels are (re)used strongly influences the
performance and the capacity of the system. This is one of the
reasons simple and smart frequency reuse techniques are still
attractive to investigate. A handful of wireless technologies
operate in the 2.4 and 5 GHz bands where the available spectrum is very limited. Therefore smart techniques are needed
to efficiently manage interference and provide better service
to clients. The unpredictability of the wireless channel in time
and the dynamic behaviour of the wireless networks make the
design of a robust and universal channel allocation solution
a challenging task. There is plethora of both centralized and
distributed solutions for channel assignment in the literature,
covering variety of scenarios and methodologies. In [1], [2],
[3], authors proposed centralized schemes for automated channel and interference using graph colouring. Other solutions
deploy biologically inspired algorithms such as simulated
annealing to address the channel allocation problem [4], [5].
For further reading on various channel allocation techniques
the reader is referred to [6], [7], [8], [9], [10].
Also game theoretical approaches have been often used to
model dynamic channel allocation. Especially in the domain
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II. DYNAMIC L OAD BALANCING U SING T HE BALLS AND
B INS A PPROACH
A. System Model
We model our distributed channel allocation problem using
the balls and bins game [19]. The number of balls is n and
it is mapped to the number of communicating pairs of agents
(radios). The balls are distributed to m bins, which in this
case represent the channels to be allocated1 . The load of each
channel i ∈ [m], ni corresponds to the number of balls in
the bin. For simplicity, we assume that all balls are equal
in size i.e. each agent generates the same traffic load in the
network. Moreover the agents use the same radio technology to
communicate, in our particular case IEEE 802.11. The model
will also apply if different agents impose unequal traffic loads.
The number of agents is not necessarily fixed in time. It might
1 Throughout the paper we will interchangeably use the terms balls and
agents. The same applies to the terms bins and channels.
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happen that new agents come into the network and acquire a
channel.
The goal of the balls and bins game is to allocate the
available channels to the agents in a balanced way such that
the overall system achieves the best possible performance. The
desired best performance of the system may be, e.g., maximum
throughput, minimal interference or minimum delay. Each bin
i ∈ [m] is associated with a cost or utility function ci . We
denote the sustained cost for all the balls choosing the bin
i as ci (ni ). We may choose the cost each ball measures to
be delay, packet error rate, throughput, etc. or any weighted
combination of those. Each of the balls will aim at minimizing
the cost which is implicitly related to the number of balls in the
bin. One should note that if the measured cost is the achieved
throughput, the ball will minimize its reciprocal value.
During the game, the ball has an incentive to change the bin
only if it gains more in performance by doing so. The game
is played in rounds and all balls are allowed to migrate to
another bin concurrently. The agent is “happy” in the current
bin as long as its sustained cost is at most Cmax , where Cmax
denotes a common cost threshold. It is important to mention
that the agents are memoryless and they do not take previous
states or decisions into account. Furthermore there is no need
for information exchange among the agents. The agents use
only the locally calculated cost to decide on the next move
in the game. The game has reached a stable state if no ball
has an incentive to migrate. This implies existence of a Nash
equilibrium.
In our earlier work we have shown through thorough
analysis that, in the fluid limit, our load balancing algorithm
converges rapidly to a feasible solution if such a solution
exists [15], [16]. Furthermore the convergence behaviour of
our approach is independent of the type of the cost function.
We have considered both linear and exponential family of
functions in our analyzes. Encouraged by the good convergence properties shown in the previous numerical studies and
the simplicity of the algorithm, in this paper we study the
performance of the balls and bins channel allocation in a
more realistic network environment using Qualnet network
simulator [20].

ci − Cmax
.
ci
A pseudocode which describes the protocol flow is given
below.
p=

Algorithm 1 The Threshold Protocol
loop
for all transmitters in parallel do
Transmit
After interval seconds query receiver for feedback
Calculate cost ci in current channel i
if ci > Cmax then
max
do
With probability p = ci −C
ci
1. Draw j ∈ [m]\i uniformly at random
2. i ← j
end if
end for
end loop
The algorithm is very simple and it ensures load balancing
among the available channels in a distributed fashion. Because
of its stateless nature, it adapts well to fluctuations of number
of agents in time, and reaches stable state quickly. Since the
algorithm does not require exchange of information among the
Tx-Rx pairs, the generated overhead is minimal and limited
to the feedback information needed from the receiver, so that
the transmitter can calculate the cost ci . As the algorithm
runs in rounds a synchronization between the transmitters is
needed in order to provide calculation of the cost almost at
the same time. However, very accurate synchronization is not
absolutely necessary. The slight synchronization offset can be
compensated with a moderately longer convergence time.
III. S IMULATION SETUP
The simulations are carried out using the Qualnet Wireless
Library for WLAN 802.11. The PHY is set to IEEE 802.11b
either at 2 Mbps or 11 Mbps. In the application layer we run a
constant bit rate traffic generator for UDP traffic at 1.95 Mbps
or 10.9 Mbps respectively. Slight modification has been made
to the MAC in order to execute the threshold algorithm.
The transmitters and receivers are uniformly distributed in
an area of 500x500 m. All nodes transmit with the same output
power and they are all in communication range of each other.
The simulations are carried out using two-ray propagation
model.
We use four non-overlapping frequency channels (2.4 GHz,
2.45GHz, 2.47 GHz and 2.5 GHz) and vary the number of
Tx-Rx pairs from 4 to 16. In all the simulations the radios
have the same cost threshold Cmax for a particular simulation
setup. The threshold is chosen depending on the maximum
number of radios a channel has to support given a certain
number of channels and users in order to guarantee a balanced
load over all available channels. For example if the number
of available channels is 4 and the number of communication
pairs 5, it is enough if the the maximum number of radios

B. Channel Allocation Protocol
Now we will formalize the load balancing channel allocation
protocol, which we also refer to as a threshold protocol. Let
us consider a number of communication transmitter-receiver
pairs (Tx-Rx), which correspond to the numbers of balls n in
our model. The cost assigned to each Tx-Rx pair is calculated
as an inverse value of the throughput of the link between the
communicating agents. The number of channels to be allocated
is m. The maximum cost of communication on each channel is
set to be Cmax . The threshold algorithms works as follows: At
the beginning all Tx-Rx pairs are assigned a channel randomly.
Each transmitter is periodically calculating the current channel
cost ci and if it exceeds the threshold Cmax the transmitter
will decide to switch to another randomly drawn channel j
with a probability p defined as follows:
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that the channel has to support is 2. This means that if we
want to balance the traffic among all the existing channels, the
maximum cost needs to match the performance of the most
loaded channel and it should not be higher. The maximum
cost is defined as the inverse value of the throughput and it is
determined heuristically depending on the maximum realizable
throughput for the number of users and channels in a particular
simulation setting. For 2 Mbps links the maximum cost is
calculated to be 0.008. It corresponds to a case when there
are 4 channels and 4 Tx-Rx pairs so that each pair will get
a channel. If the number of pairs is between 5-8, there will
exist at least one channel which will have to serve 2 Tx-RX
pairs, so the maximum cost will be 0.016, etc. For 11 Mbps
the logic of calculating the Cmax is the same. Table I shows
the values for different numbers of transmitter-receiver pairs.
One should note that in this paper we consider a simplified
case where all the channels are of the same “quality”. More
specifically each channel is using the same channel model,
and we consider only interference generated by IEEE 802.11
nodes. Any external interference or co-channel interference
is not taken into account in the simulations. Obviously in
a real setup some of the channels may suffer from external
interference and this should be carefully considered in the
modeling.

repetitions can make the error bars smaller. Similar results are
observed when the simulations are run at 11 Mbps.
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Fig. 1. Convergence time versus number of Tx-Rx pairs with 2 Mbps links.

In Figure 2 we show example of a dynamic channel occupation in time for a simulation run with ten Tx-Rx pairs. The
algorithm converges relatively fast to a stable and balanced
state. It is easy to spot from the figure that before the algorithm
converges, the channel allocation is random and no guarantees
of the performance or QoS can be assured.
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The algorithm is iteratively run in rounds, each 10s long.
This is done to ensure that simulations reach stable conditions,
and no initial transient effects influence the results. In principle
the interval can be shortened but we wanted to ensure that we
get reliable results and avoid possible numerical artifacts. In
every round, the successfully transmitted packets are counted.
Based on this information each transmitter calculates the
current cost in the channel ci as the ratio between the round
time and the number of successfully transmitted packets. If
a switch of the channel is to happen the receiver will be
informed of the new channel to be used.
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Fig. 2. Channel occupation in time for a run with four channels and ten
Tx-Rx pairs.

IV. R ESULTS
A. Convergence Statistics
Figure 1 below shows the average and standard deviation
of the convergence time in rounds versus the number of TxRx pairs for ten simulations. Quite naturally the convergence
time increases with the number of users. Especially when the
number of Tx-Rx pairs is multiple of the number of available
channels the algorithm needs more rounds to converge since
there are less combinations of valid channel allocations. The
standard deviation of the convergence time is also larger for
a large number of users. Increasing the number of simulation

B. Number of Frequency Changes
The results of the average number of frequency changes per
Tx-Rx pair for a 500s run are plotted in Figure 3 and Figure 4.
As expected, there are more frequency changes for those
configurations that take longer to converge. The number of
channel changes is relatively small, due to the load balancing
algorithm. A high probability to switch the channel occurs
only when the maximum cost is exceeded by large margin.
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In the worst case (11 Mbps links and eight Tx-Rx pairs) the
average number of channel changes for a 500s run is 2.5,
which is a reasonable overhead for a realistic usage of the
algorithm. For several configurations the average number of
channel changes per radio is even lower than one per run.
It must also be noted that these are the number of channel
changes until convergence of the algorithm. After the algorithm has converged, the event of a channel change should
happen only if there are external changes, like the arrival of a
new agent or interference from another system.

total freedom in choosing the threshold value, as it could lead
to increased convergence time.
C. Throughput and Fairness
In addition to the convergence properties of the balls and
bins algorithm we studied the average throughput over all
existing links in the setup after the balls and bins algorithm has
run. We compare the throughput results with the those obtained
from a WLAN network with the same settings, in the same
simulation environment and with the same node distribution
in which the Tx-Rx pairs are assigned random frequency and
do not execute any further optimization. The results for the
minimum and average achieved throughput in both scenarios
are shown in Figures 5 and 6.
We observe both in 2 Mbps and 11 Mbps modes that
the average throughput is moderately higher if the balls and
bins game is played. However, the performance gain in the
worst cases simulated with a minimum achieved throughput
is significant and leads to up to 60% increase in the throughput
for a small number of Tx-Rx pairs in the 11 Mbps mode.
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Fig. 3. Number of frequency changes per Tx-Rx pair with 2 Mbps links.
The figure shows the number of channel changes till the algorithm converges.
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Figures 7 and 8 show the throughput in the worst performing
links for both channel allocation schemes at 2 Mbps and 11
Mbps. The balls and bins load balancing channel allocation
ensures a throughput increase of 71% to 76% for the worst
links.
The fact that balls and bins algorithm is also increasing
fairness, especially ensuring that there are no big losers in the
system, might in the first though look surprising. However, this
is one of the strong benefits of the stochastic load balancing
algorithm like balls and bins. The protocol guarantees a certain
minimum performance to all the links in the network. This
is due to the maximum cost associated to each agent. If
all the transmitters have the same cost threshold and there
exists a suitable link allocation for the cost threshold set then
fairness in the convergence state is guaranteed. The algorithm
is essentially ensuring that any user experiencing very bad
payback from some channel will migrate to the new one.
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Fig. 4. Average number of channel changes per radio pair for 11 Mbps links.
The figure shows the number of channel changes till the algorithm converges.

In this work we have assumed that the cost threshold,
Cmax , is the same for all radios. This can be seen as a
universal minimum utility that is required to keep a user
happy. One could release this assumption and introduce user
specific threshold Ci,max in the future. Our expectation is that
introducing threshold classes is better choice than allowing
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converge depends mildly on the number of radio equipments.
For a realistic number of devices for local area communications, the number of iterations stays a low enough for practical
purposes. Although, as expected, more iterations are required
in realistic channel conditions than in our earlier analytical
model, generally less than 30 iteration rounds is enough to
find equilibrium solution. The main benefit of the algorithm
is that it finds a load balancing solution by using only local
information and it is strictly locally executed algorithm. In the
paper we have shown that apart of doing load balancing over
the devices, it is also rather surprisingly also providing good
fairness conditions. In the highly congested wireless situations,
such as WLAN conference hot spots, this feature is a very
important.
Because the cost function evaluation is based on the actual
measurements, we can guarantee a maximum flexibility for our
algorithm. Many other channel allocation algorithms require
a priori information on wether the channel allocation is done
with overlapping or non-overlapping channels. In our case
there is no such issue, as the method is not based on explicit
interference models. As the number of bins can be flexibly
allocated, we can also dynamically select if the system allows
the use of overlapping channels.
Our load balancing channel allocation scheme is particularly
suitable for many on-demand and mesh network solutions,
since it does not require centralized controller to be in the
place. The convergence properties in conjunction with a minimal need of signaling make this algorithm a very promising
candidate, e.g. when compared against some distributed variations of colouring algorithms. The algorithm is relevant also
for self-configuring networks, and it is particularly suitable for
cognitive radio networks, where it could be used to balance
load between secondary users. As the algorithm can adapt
rapidly to changes in the number of radios and allowed
channels, it has desirable properties for load balancing system
of wireless on-demand networks. The simulations show that
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Moreover, the distributed nature of the algorithm removes
some of the anomalies the centralized protocols generate.
V. C ONCLUSIONS AND D ISCUSSION
We have introduced and analyzed through detailed simulations a load balancing algorithm for channel allocation
with a low-complexity and minimal information exchange.
Our earlier analytical results under quite many simplifications
indicated that the balls and bins algorithm is potentially an
interesting and efficient distributed resource allocator. In this
paper we have extended our earlier work by conducting a
number of realistic wireless simulations, and have thus relaxed
most of the earlier unrealistic simplifying assumptions. The
simulations confirm the qualitative results of earlier analysis,
and quantitative results show that the algorithm is able to
converge fast to the state, where the system can benefit from
the use of the algorithm.
We have shown that the number of iterations required to
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our algorithm has good performance, and its algorithmic
complexity is extremely low. Its convergence speed is very
impressive. The presented approach is thus warranting further
studies and experimentation, especially when one takes into
account that it is an distributed algorithm with a low signaling
requirements (in fact, the load balancing algorithm itself does
not necessarily require signaling).
We furthermore think that our paper is of wider interest for
on-demand networking community, since balls and bins algorithm itself is a suitable modeling and analysis framework for
many load balancing problems. As a simplified protocol and
algorithm, it has a dual benefit of being suitable for practical
implementations, as well as rigorous analytical analysis.
We are also working on a small scale implementation of
our algorithm by using USRP (Universal Software Radio
Platform) radio platform with modified gnuRadio software
to experiment with the algorithm. Some of the preliminary
results are reported in [21]. Although the results from the
measurement campaign are still too preliminary, they indicate
that the simulation results are accurately predicting the performance over real wireless channels. It is also known that
many of balls and bins type of algorithms allow relaxation
of the synchronization requirement, i.e. asynchronous and
parallel algorithms are possible. We will be considering these
extensions in our future work.
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