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Abstract

A comprehensive simulation model of wireless cellular
networks must include the computation of transmitter power
levels. In such systems, as time evolves, powers are contin-
uously updated to minimize interference and maintain sig-
nal quality. Transmitters operate at the minimum power re-
quired to meet a target signal to noise ratio (SNR), which,
in the real system, can be promptly estimated since the val-
ues involved come from direct measurements. In a simula-
tion model, however, the interference over each receiver is
a quantity that must be computed and the associated costs
are not low. A system with � pairs of transmitters and re-
ceivers requires that �������
	 pairwise interactions be com-
puted; it’s easy to see how very large the workload is when
we consider that, in order to advance simulated time by one
second, this large computation may have to be performed
hundreds of times. In this paper, we show that techniques
devised for the simulation of systems of self-gravitating bod-
ies ( � -body problem) can be successfully applied to reduce
the complexity of interference computations in simulations
of wireless systems. However, our experiments suggest sim-
ple distance-based truncation may be the superior method.

1. Introduction

As wireless cellular systems become increasingly more
popular, more research effort is focused on their design and
the need for ever faster and more accurate simulators be-
comes evident. In the last 5 years, the simulation commu-
nity has witnessed a trend for the development of larger and
more comprehensive models for wireless networks.

Several research groups throughout the world have been
hard at work developing simulators that focus not only on
�
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one or another component of a wireless network, but on the
problem as a whole. The WINLAB group at Rutgers Uni-
versity [10, 11, 15, 16] has developed WiPPET, a general
parallel simulation testbed that allows users to easily put to-
gether complex models using building blocks designed by
experts in each different sub-area. Drawing from a database
of components, the simulationist can then concentrate on
high-level model design rather than dealing with the intri-
cacies of programming the simulator’s core. Another group
at UCLA has been involved in a project of similar scope
called GloMoSim [3, 18]. While WiPPET relies on the opti-
mistic synchronization protocol of Georgia Tech Time Warp
(GTW) [6] for parallel execution, GloMoSim works at the
other end of the spectrum utilizing conservative algorithms.

The significance of these works has been paramount to
making the construction of reliable simulation models of
wireless systems more accessible. However, there are still
several performance issues at the simulator core level that
bear the need for deep investigation. Until these problems
have been properly addressed and solved, the simulation of
wireless models of realistic scale will remain a computa-
tional burden of almost intractable proportions.

On this other front, the contributions by the group at the
Royal Institute of Technology, in Sweden, have been key.
First, they have shown the efficiency of partitioning wire-
less models by channel rather than by geography for paral-
lel execution [12, 14]. Later on, they launched an investi-
gation on what can be regarded as the bottleneck of a com-
prehensive wireless simulation: interference computation.
In their paper, Liljenstam and Ayani [13] consider a model
that includes adaptive power control and simplify interfer-
ence computations by a truncation of interaction radius. The
idea stems from the fact that radio signals decay exponen-
tially fast with increasing distance between transmitters and
receivers. They have shown that the careful application of
this concept can produce small errors, while dramatically
reducing the asymptotic complexity of computations. They
also report that analysis of the errors introduced by trunca-
tion must be done on a case-by-case basis.



We now proceed to show how the same problem can be
approached using a more sophisticated technique. There is
a strong similarity in the simulation of wireless radio and as-
trophysical models and use a well-known fast solution for
this second problem to attack the first. The gravitational
interaction between two bodies is inversely proportional to
a power of the distance between them. The analogy with
radio signal propagation is obvious, for their strength also
decays exponentially fast with the distance between trans-
mitter and receiver. Our objective is to reduce the computa-
tional cost of interference calculation from the brute-force
method derived directly from interference equations, while
systematically controlling the error introduced by doing so.

In the remainder of this paper we develop this idea fur-
ther and provide an experimental analysis of its validity.
Section 2 presents our system model together with relevant
background concepts in wireless cellular systems. Later on,
in Section 3, we present the � -body problem in more detail,
showing algorithms for its solution and outlining the impli-
cations of their use in our simulations. The results of our
experiments are discussed in Section 4 and we conclude in
Section 5 introducing ideas for future research.

2 Simulation Model

We define the geographical space for our simulations as
a plane, where all base stations (BS) and mobiles stations
(MS) are contained. The coverage area of each BS is rep-
resented by a regular hexagon and all cells have the same
dimensions. Furthermore, in order to avoid the occurrence
of edge-effects in this model, we arrange the cells into a
torus.

Among the many possible models of user mobility, we
have chosen to impose a “street” layout on the simulation
space. Mobiles are allowed to traverse the space exclusively
on the diagonals of the hexagons. Wherever diagonals in-
tersect, that is, at cell centers and vertices, a mobile chooses
a new direction of movement with equal likelihood. The
speed of travel is constant on a straight line segment be-
tween two dots, but a new one may be chosen at every in-
tersection point.

It is well known that electromagnetic waves are subject
to an exponential decay with distance. To model propaga-
tion on the path between transmitter

�
and receiver � allow-

ing for the representation of shadow fading, we describe
path loss as: ����� ��� 	
	 � ��� ��� 	�
 ��� ��� 	� ��� ��� 	�� (1)

where
� ��� ��� 	 is the distance between

�
and � at time � , at-

tenuation exponent ��	�� on the path (in the absence of
obstacles) and 
 ��� ��� 	 allows for modeling fine descriptions
of terrain features given the current position of MS and BS.

� ��� ��� 	�� Lognormal ������� 	 is a random variable which ac-
counts for transient changes in the propagation path and fol-
lows the standard definition:

� ��� � �"!$# ���&%'�)( 	 where(*� �,+.-./0�21 ��34�65 	 . We make it a function of time to indi-
cate the fact that the variable is re-sampled at every instant� when path loss is evaluated.

We assume that the system works with the notion of
channels: whether the spectrum is shared through frequency
division multiple access (FDMA) and/or time division mul-
tiple access (TDMA) this becomes a straightforward ab-
straction. Each channel connects a MS-BS pair using two
components: an uplink, for communication from MS to BS
and a downlink for the reverse direction. Other important
assumptions we make are that all channels are orthogonal,
that is, there is no adjacent channel interference, and that
there is no multipath fading.

The only sources of spurious signals that define interfer-
ence, in our model, are co-channel interference and ther-
mal noise. The first of these is defined as the summation
of signals from other BS-MS pairs using the same channel
measured at the receiver’s location. The second, 7 , accounts
for noise generated by semiconductor devices inside the re-
ceiver itself. Together these two define the total instanta-
neous noise for each receiver � using a channel 8 :9;:� ��� 	<	=7>%@? �BAC � � ��� ��� 	ED :� ��� 	 (2)

where D :� ��� 	 is transmitter
�
’s power level at time � .

Finally, we complete the description of our simulation
model by defining power control and channel allocation
policies. Among the many choices, we have opted for the
local autonomous dynamic channel allocation (LADCA)
scheme by Foschini and Miljanic [7, 8]. This algorithm of
simple implementation was developed for FDMA, TDMA
or GSM-like systems (FDMA/TMDA hybrids) and gives us
the opportunity to create the scenario for realistic simulation
experiments.

LADCA works on a discretized time scale and requires
that power levels be updated frequently, at short time-steps.
When a transmitter’s power level reaches maximum value
and the target SNR F still cannot be met, a drastic action
such as a switch to another channel, a call block or drop is
triggered to alleviate the load on the channel and allow other
calls to proceed. In short, the method consists of looking at
the system’s state at a discrete point in time and then in-
creasing or decreasing power levels according to the differ-
ence between current SNR and target SNR. This is formally
expressed by equation 3, where GIHJ3 is a proportionality
factor. D :� �LKM%N5 	<	OD :� �LK 	QP
GSR D :� �LK 	QP
F 9 :� �LK 	� �T� �LK 	VU (3)

To obtain the new power level for transmitter
�

after a time
increment, first MS’s positions are updated and then the



equation is iterated until a fixed point is reached. If there
exists a power level less than or equal to the maximum that
allows F to be met, this algorithm is guaranteed to find it
independently of the initial state.

3
�

-body Methods

Originally, the � -body problem was defined as the simu-
lation of a system with a large number self-gravitating bod-
ies. Each element would be a planet, galaxy or some object
with a known mass subject to the laws of gravitation. Given
the mass, initial position and velocity of each body, the goal
is to determine the trajectory of each one as time progresses.

The first step in the process is to compute the total gravi-
tational force over each body, which is a summation of pair-
wise interactions with every other element in the system.
Once force has been calculated, the acceleration vector can
be obtained by Newton’s second law and the trajectory of
each body computed by numerical integration over time.

The force between two particles with masses /�� and / �
is proportional to the product /��"/ � divided by the square
of the distance between them. To compute the evolution of
trajectories in time, a time-stepping simulation can be de-
signed. Starting from some value � , time is advanced by�

units; positions at � % � are computed according to ve-
locities known at time � . Once new positions are known,
the force over each body must be computed so that corre-
sponding acceleration can be updated. This scheme pro-
duces valid results only as long as the chosen

�
is small

enough so that accelerations do not change much during that
interval.

The similarities between interference computation in
wireless simulations and force computation in � -body
problems are strong and evident:

� Given a number of elements � , an ��� ���
	 number of
pairwise interactions must be calculated,

� The strength of the interaction within each pair of ele-
ments is inversely proportional to the distance that sep-
arates them raised to an exponent greater than or equal
to 2 and, finally,

� Both problems are described by differential equations
in time which are solvable by numerical integration.
In the two cases the equations are derived from the as-
sumption that a quantity remains constant throughout
the time-step (force in the gravitational problem and
noise in the wireless network).

From this analogy we see that methods to solve the � -
body problem can be easily adapted to compute interference
in the simulation of cellular systems. The many algorithms
for � -body simulation [2, 4, 5, 9] in the literature have one

point in common: the use of a clever data structure that al-
lows a drastic reduction in run-time. The time complexity
can be reduced from ����� � 	 to �������	��
 ��	 or even ������	 ,
which represents a major improvement over the naı̈ve algo-
rithm when � is large.

The data structures, usually quad-trees for the two-
dimensional case and an oct-trees for the three-dimensional
case, implement a simple concept. Suppose we are com-
puting the total interaction over a certain particle and want
to consider the effect produced by a distant cluster of par-
ticles. If the distance

�
that separates the cluster and the

particle is sufficiently large, we can produce a good approx-
imation substituting the whole cluster by one single particle
(whose mass is equal to that of the summation of individual
masses) located at its center of mass. Instead of computing
a number of pairwise interactions between the particle of
interest and each element of the cluster, we compute only
one interaction with the imaginary particle.

The summation of interactions in one point in space can
be expanded into an infinite Taylor series: the first term is
named monopole, the second dipole, the third quadrupole
and so on. The dipole vanishes about the center of mass and
thus the second term in the series, actually, corresponds to
the quadrupole moment. In this series, each moment higher
than the monopole, corrects the approximation for the clus-
ter’s asymmetry. Obviously, for practical computational
purposes, the series evaluated to approximate the summa-
tion of interactions, must have a finite number of terms. The
higher the number of terms considered, the smaller the error
incurred.

An approximation using only the monopole, although
convenient for its numerical simplicity, has the drawback
of restricted accuracy. In Newtonian gravitation, it corre-
sponds to assuming that the particles in a cluster are all
symmetrically arranged around its center of mass. The less
symmetry we observe in each cluster, the greater the error
of the monopole approximation. When high accuracy is a
goal and particle distributions are far from symmetrical, a
more complex expression to approximate total interaction
must be used.

Although the Barnes-Hut (BH) algorithm was originally
developed for 3-D spaces, it is also lends itself to appli-
cation in 2-D spaces like that of our simulation model.
From now on, we discuss exclusively this monopole vari-
ant, which we used as proof of concept for this study.

The Barnes-Hut algorithm partitions the simulation
space into square cells, which bear no relation to the hexag-
onal cells in our radio propagation model. These are, in-
stead, an abstraction used to sub-divide the simulation space
in a totally different way. Each cell can contain at most
one particle: when a second particle is placed inside the
cell, the space is recursively subdivided into smaller cells
of equal dimension until each particle occupies a cell of its



Figure 1. Evolution of a quad-tree as used in
the Barnes-Hut algorithm

own. This defines a hierarchical organization of space; once
a cell is subdivided it becomes the parent of the smaller cells
it contains. Each cell is mapped to a node in a tree and each
node contains a number of pointers, a mass value and a point
coordinate.

The tree is constructed by a recursive procedure that
starts with the definition of a cell big enough to contain
the entire simulation space (initially empty). Particles are
loaded onto the tree one at a time and at each addition a
local subdivision of the space may occur. If any two parti-
cles are observed in the same cell, the space is further sub-
divided into four square sub-cells. The recursion ends when
each particle finally occupies a different cell.

When we load the first particle onto the tree, it is added
to the root cell. Then, as we add the second particle, we
find that the root cell is not empty. Since a cell cannot con-
tain more than one particle, we create four children for the
root. If it so happens that, when we place the old and new
particles in the newly created children, their positions allow
them to fall inside different cells, this step is considered ter-
minated. Proceeding similarly until all particles have been
loaded, we obtain a quad-tree where all particles occupy
leaf nodes. In the final structure no memory needs to be al-
located for empty cells. Figure 1 shows the evolution of a
tree as particles are added; each plane corresponds to a state
after the addition of one more particle.

After the tree is constructed, each node must be tagged
with two values: the multipole representing the “mass” of
the cluster inside it and the spatial coordinate of its center of
mass. Note that the same BH algorithm can be used inde-

..

Figure 2. The Barnes-Hut tree can be sensitive
to particle distribution

pendently of the quality of the approximation used to com-
pute the multipole. This process starts down at the leaves:
we make the node’s mass equal to the mass of the particle
therein and the center of mass equal to the position of the
particle. Then, we propagate these values one level up the
tree: for each node we evaluate a truncated Taylor series
considering the ensemble formed by its children and com-
pute the new center of mass. The procedure is repeated for
each level in the tree until the root node is reached.

Simulations with moving particles require that the tree
be updated to reflect new arrangements of particles in space.
Usually, at the beginning of each iteration, the tree is con-
structed from scratch and at the end it is destroyed once in-
teractions have been computed. The costs of dynamic mem-
ory allocation are obviously non-trivial: depending on how
fast these operations can be carried out at the programming
language level, it may be beneficial to try out a few tricks,
such as pre-allocating a large array of cells and using that
pool instead of making repeated calls to the language’s op-
erators. A more complex optimization would be to attempt
to figure out how long the structure of the tree will be pre-
served: if the particles move slowly enough, the tree may
not experience any change for a number of time-steps. This
way, one would be able to keep the same tree for a while,
updating only the particles’ coordinates.

An important fact to point out about this tree construc-
tion process is that the shape of the data structure is highly
dependent on the particle distribution[1]. Consider the sit-
uation when we have two particles extremely close to each
other. Applying the cell subdivision algorithm recursively,
until each particle falls inside a different cell yields a very
tall tree, as indicated in Figure 2. In many cases, including
astrophysics simulations, this is the cause of serious per-



procedure BH INTERACTION(p, ensemble)
begin

if (singleton(ensemble))
total = particle-particle interaction

else
if ((ensemble.diameter /
distance(p,ensemble.centroid)) ��� )

total = particle-ensemble interaction
else

total =
BH Interaction(p, ensemble.child[0]) +
BH Interaction(p, ensemble.child[1]) +
BH Interaction(p, ensemble.child[2]) +
BH Interaction(p, ensemble.child[3])

return total
end BH INTERACTION

Figure 3. Barnes-Hut algorithm

formance degradation, since bodies can come indefinitely
close to each other. The degradation comes not only from
the tree construction process, but also from the added time
taken traversing the data structure during the computation
of interactions.

Once a tree has been constructed and tagged, the com-
putation of total interaction over a given particle D follows
the algorithm in Figure 3. The method determines whether
it is necessary to compute individual interactions between
a particle and an ensemble of particles using a multipole
acceptance criterion (MAC) such as those defined in [17].
The original BH MAC is based on the ratio of the size 1 of
the cell currently being inspected to the distance � between
the cell’s center of mass and D , what is called opening an-
gle. The winning situation happens when, for D and some
cell, 1���� ��� (where � is an accuracy parameter arbitrar-
ily chosen). In this case the only interaction to compute
is that of D and the cell, which is approximated by a sin-
gle “virtual” particle of mass �
	��
� / � 1
��� /0����� positioned at
��	��
� / � 1���� 8��
	 � -.+ � � . If on the other hand 1���� H � , then the
algorithm is applied recursively to compute the interactions
between D and the subdivisions of the ensemble.

We applied the BH algorithm with monopole approxi-
mations to the computation of interference noise in wire-
less simulations in a preliminary performance evaluation
study. In our simulations, for each channel, we must com-
pute noise in two different frequencies: the uplink and the
downlink.

When we consider interference noise for uplinks, the
particles in the algorithm are MSs. To accommodate mul-
tichannel systems, we must have one BH tree for each dis-
tinct channel: each tree collects all MSs transmitting on that

channel. Using the uplink trees, we compute the total inter-
ference incident on each BS receiver. Since we cannot have
more than one user transmitting on the same channel inside
the same cell (a wireless system cell, in this case), one could
think users would always be separated by a minimum dis-
tance large enough to prevent the degeneration of the BH
tree. However, there exists the possibility that users in the
same channel, in neighboring cells, get close to the shared
border and thus close to each other. This obviates the need
for a tree construction method such as those proposed by
Aluru [1].

For the downlink case, the situation is quite different.
The BSs are the particles in the downlink BH trees and are
well separated by definition: it would not make sense to put
them close to each other because their coverage areas would
experience too much overlap. In this case, the standard BH
tree construction method can be used. Since bases are sta-
tionary objects, the trees can be constructed prior to the start
of the simulation and their structure never changes (BSs are
stationary). Moreover, there is no need for a distinct tree for
each channel: the construction process takes into account
only geographical positions to determine the tree topology
and thus the shape of the data structure is the same for all
channels. Instead of containing a scalar tag with multipole
and center of mass, each node is associated with an array of
tags, where each element corresponds to a different channel.

To follow our radio propagation model, both for the up-
link and downlink, we must introduce a small difference
from the conventional � -body problem. One of the factors
in the numerator of equation 1 modifies path loss accord-
ing to a random variable to represent transient propagation
effects. When we evaluate interactions between a particle
and an ensemble according to the BH algorithm, the ran-
dom variable

� ��� ��� 	 is sampled for a propagation path that
is different than that of the brute-force algorithm. If we at-
tempt to make a rigorous comparison between the interac-
tion computed with the two methods, we may find out that
the results are quite different; however, they are both statis-
tically valid! In order to validate our models, in this paper,
we have chosen to leave out the shadow fading factor. Once
the real errors due to the approximations made in the BH
algorithm are evaluated and the simulation results verified
to within some arbitrary accuracy, this random variable can
be reintroduced.

4 Experiments

We have experimented with three different methods to
compute interference in a wireless cellular model: brute-
force, Barnes-Hut and truncated (or limited) interference. In
this paper, we limited our empirical analysis to the case of a
single channel model. The networks we use are composed
of � x � hexagonal cells with side lengths equal to 1000m
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Figure 4. Number of pairwise interactions
computed with Barnes-Hut, brute-force and
limited interference

and the receivers are subject to internal noise 7 	JP�5 � 3 dB.
We suppose each cell has an active call, each mobile is
placed randomly within its cell, uniformly at random on one
of the three straight lines that bisect opposing sides of the
hexagonal cell. This provides a “worst-case” scenario for
BH, insofar as its computational efficiencies are achieved
when the mobiles are sparsely separated. If significant per-
formance gains are observed in this case, we will see better
gains on networks with the same numbers of mobiles, dis-
tributed more sparsely over larger grids.

Varying the size of the network for � �� 5 34� � 3 ��� 3 ��� 3 ���V34���V34���.34��	V34��
 3
� and, thus, also the
number of mobiles in the system, we evaluated the total
number of pairwise interactions (uplink and downlink)
computed in each of the three methods. Figure 4 shows the
results obtained (using a logarithmic scale on the y-axis)
for three different values of opening angle � in the BH
algorithm. It is clear that the use of the BH algorithm gives
the modeler the power to choose different levels of accuracy
according to how much runtime can be afforded. Smaller
values of � bring the number of pairwise interactions
computed up toward the same as in brute-force. In fact,
for a sufficiently small � , the BH algorithm will compute
exactly the same values obtained with brute-force. It is
for higher values of � that BH becomes a really attractive
option.

At � 	'5 , an entire cluster of particles is treated as a sin-
gle one if the point where the interactions are measured is
at least as far away from its center of mass as the BH cell
containing it is large. The economy in the computation is
so significant that interference can then be computed with
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Figure 5. Mean relative error in downlink in-
terference computation

a number of interactions in the same order of magnitude as
with the limited interference method. The associated errors,
however, are not negligible. Figure 5 shows that, for down-
links and � 	'5 , the mean relative error is about 50% higher
than that of the truncated method (which does not consider
the contribution of transmitters) within three times a cell-
width. The situation is much worse for uplinks: as indicated
in Figure 6 the mean relative error is about 300% higher.
The reason for such disparity between these two cases per-
haps lies in the diverse natures of spatial arrangement of
transmitters and their interaction with the BH algorithm. In
the computation of uplink interference, the particles in the
BH tree are BS transmitters, which are arranged as a lat-
tice. On the other hand, for downlinks, the arrangement of
particles (MSs) on space is completely irregular.

For the same scenario, we have measured the execu-
tion time of a complete round of interference computations
in the model on an SGI Origin 2000 with 180MHz clock,
shown in Figure 7. This data helps quantify the cost of in-
terference calculations. We see that for large mobile counts
the execution improvement (about three orders of magni-
tude) corresponds with the reduction in numbers of inter-
actions (about three orders of magnitude). This shows that
indeed the added cost of building the quad-tree is amortized
away on large models.

Nevertheless, there is no escaping the fact that in these
experiments, simple truncation is faster, and more accu-
rate than our implementation of BH. It is possible this is
an artifact of the the density of mobiles we employ in
this experiment—BH will achieve higher levels of accuracy
with less effort when the mobiles are farther separated. The
error in the truncation method will diminish in this case
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also, but less so (having achieved most of its accuracy al-
ready). Clearly more experimental work is needed to evalu-
ate this possibility.

5 Conclusions and Ongoing Work

Our preliminary investigation has shown that the appli-
cation of � -body problem algorithms to the simulation of
wireless cellular networks is promising. A substantial re-
duction in the size of interference computation was ob-
served and the added scalability of these methods becomes
crucial when we begin to consider bigger wireless models.

The errors produced with the BH algorithm, although
controllable by an algorithm parameter, have proven to
be larger than those of the limited interference (truncated)
method. We have observed that to match the performance
of the latter algorithm, BH has to be tuned to larger values
of � , which have the side-effect of aggravating the errors.

This fact is perhaps an indication that a more accurate
variation of � -body algorithm may be more appropriate for
wireless simulations. The use of higher order multipoles in
the interference calculations could prove to be highly effec-
tive in decreasing these errors in spite of the extra floating
point operations it would require. It may also be an artifact
of the saturated system model we evaluated, and would not
be seen in a model of a lightly loaded system. Our ongoing
work is investigating such possibilities.
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