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Abstract—A recent approach in modeling and analysis of the
supply and demand in heterogeneous wireless cellular networks
has been the use of two independent Poisson point processes
(PPPs) for the locations of base stations (BSs) and user equipment
(UE). This popular approach has two major shortcomings. First,
although the PPP model may be a fitting one for the BS locations,
it is less adequate for the UE locations mainly due to the fact that
the model is not adjustable (tunable) to represent the severity of
the heterogeneity (nonuniformity) in the UE locations. Moreover,
the independence assumption between the two PPPs does not
capture the often-observed correlation between the UE and BS
locations. This paper presents a novel heterogeneous spatial traffic
modeling that allows statistical adjustment. Simple and nonparameterized, yet sufficiently accurate, measures for capturing the
traffic characteristics in space are introduced. Only two statistical
parameters related to the UE distribution, namely, the coefficient
of variation (the normalized second moment), of an appropriately
defined inter-UE distance measure, and correlation coefficient (the
normalized cross moment) between UE and BS locations, are adjusted to control the degree of heterogeneity and the bias towards
the BS locations, respectively. This model is used in heterogeneous
wireless cellular networks (HetNets) to demonstrate the impact of
heterogeneous and BS-correlated traffic on the network performance. This network is called HetHetNet since it has two types
of heterogeneity: heterogeneity in the infrastructure (supply), and
heterogeneity in the spatial traffic distribution (demand).
Index Terms—Spatial traffic modeling, heterogeneous wireless
cellular networks, stochastic geometry, point processes.

I. I NTRODUCTION
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sitates the availability of realistic, yet relatively simple and
manageable, traffic models.
The statistics of the signal-to-interference-plus-noise ratio
(SINR) are the key to the performance analysis of heterogeneous wireless cellular networks. The signal strengths and
interference levels depend strongly on the network geometry,
i.e., the relative positions of the transmitters and the receivers.
Accordingly, in heterogeneous wireless cellular networks, spatial statistics of the traffic demand (UE distribution) as well as
those of the service points (BS distribution) have direct impact
on the network performance.
In the traditional single-tier homogeneous wireless cellular
networks, usually, the macro-BSs have been assumed to be
located in deterministic hexagonal grids [1]. With the advent of
multi-tier heterogeneous cellular networks (HetNets),1 two major transitions have occurred in network modeling. First, smallcell BSs with varying communication characteristics (such as
pico-BSs and femto-BSs) have been envisioned to be deployed
in the network. It has also become apparent that the regular grid
topology assumption for BS locations does not hold anymore
mainly due to the fact that small-cell BSs will often be deployed
in UE hot-spots which are rather randomly distributed. Therefore, in the contemporary HetNets literature, BS locations have
been modeled by Poisson point processes (PPPs).
In addition to the PPP model for the BS locations, it is
becoming increasingly common to model the UE locations as
another independent homogeneous PPP [2], [3].
Although the recently adopted PPP model for the UE locations is more realistic in comparison to the most common
UE location model used in the earlier literature, in which the
location of a fixed number of UEs in a cell are determined
through two dimensional (2D) uniform random processes, the
PPP model does not adequately represent the scenarios in
which UEs are heterogeneously distributed (e.g., clustered).
Moreover, the independence assumption between the two PPPs
(for UE and BS locations) does not capture the correlation
between the UE and BS locations observed in reality.
The real UE distributions are seldom pure PPPs. Due to the
deployment of small-cell BSs in UE hot-spots, the correlation
between UEs and BSs is an apparent phenomenon in HetNets.
Network users are usually concentrated at social attractions
such as residential and office buildings, shopping malls, and
bus stations. Studying the UE distributions of more extreme

1 In this paper we use the terms HetNet and Heterogeneous Cellular Network
(HCN) interchangeably.
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characteristics and their impact on network performance is thus
an important investigation. The requirement is a continuously
adjustable and tunable traffic model which can represent the
broad possibilities from completely homogeneous cases (e.g.,
deterministic lattice) to extremely heterogeneous types (e.g.,
highly clustered scenarios), and from BS-independent UE locations to highly BS-correlated types.
Only when this realistic spatial traffic model is used in
HetNet scenarios, the true impact of traffic characteristics on
the network performance can be adequately captured. Obviously, the spatial UE distribution has a major impact on the
network’s key performance indicators, such as UE rates and
outage probabilities that depend directly on UEs’ SINR statistics. The spatial UE distribution has also an impact on the
network energy efficiency. Especially in HetNets with dense
small-cell deployments, the cell switch-off approach [4]–[6] is
an effective scheme in energy saving; the extent of cell switchoff depends mainly on the distribution of UEs.

A. Contributions of This Paper
As a first step to fill the explained void in the literature, the
contributions of this paper are summarized as follows:
• A spatial traffic modeling approach with adjustable statistical properties, capturing the severity of the heterogeneity
and the extent of the correlation with BSs, is introduced.
Although the approach is presented in the context of heterogeneous wireless cellular networks, it is very flexible
regarding the underlying network technology and it is
general enough to be applied to other contexts as well,
including Wi-Fi, ad-hoc, and sensor networks.
• Mathematical tools in stochastic geometry, including the
Voronoi and Delaunay tessellations, are used to illustrate
the similarities between traffic modeling in the time and
space domains. This similarity leads to the introduction of new geometric inter-point distance measures for
capturing the properties of spatial point patterns. These
measures are chosen in such a way that they resemble the
well-known inter-arrival time (iat) in the time domain.
• Only two parameters are introduced for a fairly accurate
description of a heterogeneous and BS-correlated spatial
traffic scenario:
1) The coefficient of variation (CoV) values of the appropriately defined inter-point distance measures are used
for specifying the deviations from homogeneity. As
stated earlier, the discussed measures in the 2D space
domain can be interpreted as the equivalents of the
iat measure in the one dimensional (1D) time domain.
It is worth mentioning that CoV is a commonly used
statistic in traffic and queuing theories.
2) The correlation coefficient between the spatial UE
distribution and the spatial BS distribution is used for
specifying the bias of UEs towards BSs.
• The developed methodology is demonstrated in a heterogeneous wireless cellular network (HetNet) to illustrate the effects of the realistic traffic modeling on the
performance.
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B. Related Works
Traffic demand modeling in the time domain has been investigated well in the literature [7]–[14]. Traditionally in voiceonly networks, homogeneous Poissonian models were accurate
enough to model traffic in time. After the emergence of different
applications, such as video and data with variable rates, the
Poisson model failed to capture the traffic statistics [7]; as
a result, various heterogeneous (super-Poisson) traffic models
based on the hidden Markov model (HMM), Markov modulated
Poisson process (MMPP) [8] and other stochastic methods
have been proposed in the literature and used for performance
analysis.
In the space domain, on the other hand, while there are many
papers concentrating on the modeling of base station locations
using stochastic geometry [2], [15], there are only few works in
the literature which take into account the heterogeneous spatial
distribution of traffic demand in wireless cellular networks
[16]–[22]. To the best of the authors’ knowledge, none of
the existing works provides a statistically adjustable model
representing a variety of possible scenarios for UE distribution.
In [16], Bettstetter et al., presented an algorithm to create a random inhomogeneous node distribution based on a neighborhooddependent thinning approach in a homogeneous PPP. The model,
however, can not be used for generating BS-correlated UE
patterns, as this is beyond the scope of that model.
In [17], Qvarfordt and Legg presented non-uniform UE layouts (partly clustered around picocells) according to the 3GPP
model 4a [18]. However, this model is not designed to adjust
the traffic statistically, i.e., the traffic statistics are not measured
to be used as an input to the traffic generation function.
Dhillon et al., in [19], proposed a non-uniform UE distribution model. They start with a higher density of BSs. Then they
consider a typical UE located at the origin. After selecting the
serving BS, they condition on this active link and independently
thin the rest of the BS point process so that the resulting density
matches the desired density of the actual BSs. It should be
pointed out that the situations in which UEs are clustered, but
not necessarily around BSs, are not captured by this method.
The spatial traffic modeling method proposed in [21], by
Dongheon Lee et al., suggests that the spatial traffic can be
approximated by the log-normal or Weibull distribution. This
paper considers the statistics of the spatial traffic distribution,
but it does not discuss the modeling of the cross-correlation of
traffic with BS locations.
In [23] we proposed new measures for capturing traffic characteristics in the space domain. The proposed measures can be
considered as the analogues of iat in the time domain. Thomas
point process was used to generate spatial traffic patterns with
desired characteristics. However, the HetNet scenarios are not
investigated in [23].
In [24] we proposed a novel methodology for the statistical modeling of spatial traffic in wireless cellular networks.
The proposed traffic modeling considered the cross-correlation
between the UEs and BS locations as well as the CoV as
defined in [23]. The proposed traffic generation method was a
density based method with two phases. First, a BS-biased nonuniform density function for the entire field was generated, then
the desired point pattern was produced based on that density
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Fig. 1. Modeling procedure: The desired statistical properties of traffic as the modeling inputs are translated to the appropriate TGIPs, and traffic with known
characteristics is generated to be used for network performance analysis (lower dashed box). The look-up table for translation is generated in advance via off-line
calculations (upper dashed box) [24].

function. It should be noted, however, that the generation of
the density function for all the points in the field (as required
in the method proposed in [24]) is computationally intensive.
Moreover, the model proposed in [24] is not directly applicable
on HetNets because the density function is calculated for a
homogeneous macro-only scenario.
In this paper, we propose a superior traffic generation method
in comparison to that in [24] which is also applicable to HetNet
scenarios and study the impact of spatially heterogeneous traffic
on heterogeneous infrastructure. The proposed method is computationally efficient since it does not require the generation
of a density function. Some of the key results in our previous
works [23] and [24] are also presented in this paper in a
comprehensive and coherent way with more analytical detail.
C. Organization of the Paper
The remainder of this paper is organized as follows: In
Section II, our traffic modeling methodology is presented.
In Section III, new traffic measures and appropriate statistics
are introduced. The traffic generation process is described in
Section IV. The numerical results for traffic modeling and
network performance analysis are presented in Section V, and
the concluding remarks are made in Section VI.
II. T RAFFIC M ODELING M ETHODOLOGY
Heterogeneous wireless cellular network models receive traffic patterns in the time domain as their input for performance
analysis. The key performance indicators such as, average user
data rates, system spectral efficiency, and outage probability,
are calculated as the system outputs. The traffic patterns are
usually generated by random processes (e.g., PPP, MMPP,
HMM, . . .), which are called traffic generators (TGs).
TGs, in turn, receive a number of input parameters (TGIPs)
to generate traffic patterns with various statistical properties.
Therefore, a main track of research in traffic modeling has
been to fit TGIPs to generate traffic patterns with the desired
statistical properties (e.g., measured statistics from a given real
traffic trace) [14], [25], [26].

Fig. 1 demonstrates our proposed traffic modeling methodology in the space domain. A somewhat similar methodology
has been used in the literature for traffic modeling in the time
domain [14].
The proposed methodology is described as follows:
• The desired statistical properties of traffic as the modeling inputs are fed to the traffic generator.
• Since the traffic generator expects TGIPs, the desired
statistics are first translated to the appropriate TGIPs.
• Traffic with known characteristics is then generated to be
used for network performance analysis.
• The translation look-up table is developed off-line in
advance:
— The entire range of the feasible TGIP values are fed
to the traffic generator and the traffic pattern statistics
are measured at the output. Therefore, a complete
map from TGIP values to the corresponding traffic
statistics is produced.
— The conversion function from TGIPs to the traffic
statistics is obtained by fitting methods.
— The look-up table from traffic statistics to the corresponding TGIPs can be prepared by inversion of
the map or the function from TGIPs to the measured
statistical properties.
A mathematical description of the process is given in
Section IV-B.
The method described above is capable of generating a wide
range of heterogeneity possibilities. However, an appropriate
next-step is to tune the model according to the real world
measurements and to extract the accurate model parameters for
generating realistic traffic patterns. In [27], we used the maps
of Paris, France, obtained from OpenStreetMaps [28], to study
the spatial traffic heterogeneity of outdoor users in the denser
areas of the city center.
III. T RAFFIC M EASUREMENT
A perfect model will require all the statistics of the traffic
measures for the generated traffic patterns and those for the real
traffic traces, including the cumulative distribution functions
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(CDFs) and auto-correlation functions, to match. Therefore,
a perfect match is not practical as this requires the use of
extremely complicated models with a very large number of
parameters. As a result, simplified models are commonly used
which only consider the first few moments of the traffic. In the
time domain, usually the mean, CoV, and auto-correlation, and
rarely the third moment, are considered to match with those of
the real traffic trace.
For the measurement of traffic patterns, first, an appropriate
measure must be selected to capture the traffic properties. In the
time domain, iat is the most popular and well accepted measure.
In Section III-A, the equivalent measures for the statistics of
the spatial traffic are introduced. The spatial traffic statistics are
described in Section III-B.
A. Traffic Measures
Packet arrivals in the time domain can be modeled by a onedimensional (1D) point process. A fixed iat between packets
generates the maximum homogeneity (deterministic lattice).
An exponentially distributed iat generates complete randomness (PPP in 1D). For generating sub-Poisson patterns (patterns
with more homogeneity than Poisson), one way is to generate a
perfect lattice, then apply a random displacement (perturbation)
on its points [29], [30]. Various models for generating superPoisson patterns (patterns with more heterogeneity than Poisson)
have been proposed in the literature which are mostly based on
hierarchical randomness and Markov models [7], [14], [12].
A 1D point pattern in the time domain can be measured mathematically in many different ways. One may use the interval
count, N(a, b] = Nb −Na (Nt representing the number of points
arrived before time t), which is a density-based measure and
divides the whole domain into smaller windows and counts the
number of pattern points in each window. A disadvantage of
the density-based measures is that they are parameterized by
the window size. Finding an appropriate window size is itself a
challenging question and does not have a unique answer for all
applications.
The inter-arrival time, iat, Ii = Ti+1 − Ti (Ti representing the
time of arrival of point i), is the most popular and best accepted
measure because it is distance-based rather than density-based,
and it considers the distance between every two neighboring
points in the domain. The CoV for iats is defined as
σ
(1)
CI = I ,
μI
where μI > 0 and σI are the mean and standard deviation of
iats, respectively (note that μI > 0 if t > 0). For a perfect 1D
lattice, the constant iat has CI = 0. For a 1D Poisson pattern,
CI = 1, since for an exponential distribution with parameter
λ, the standard deviation and the mean are both μI = σI =
λ. Sub-Poisson processes have 0 < CI < 1 and super-Poisson
processes have CI > 1.
The UE locations in a heterogeneous wireless cellular network in space domain can be modeled by a two-dimensional
(2D) or three-dimensional (3D) point process. A very inclusive
review of Point processes in space domain is conducted in [31].
A fixed distance between points generates perfect homogeneity
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Fig. 2. Voronoi and Delaunay tessellations: For a point pattern represented
by bullets, the associated Voronoi tessellations (dashed lines) and Delaunay
tessellations (solid lines) are illustrated.

(deterministic lattice). On the contrary, the Poisson distribution
generates complete randomness. For generating sub-Poisson
patterns, one way is to generate a perfect lattice, then apply a
random perturbation on its points [29]–[31].
As mentioned above, in time domain, the distance-based
measure iat captures heterogeneity by one non-parameterized
real value CI . In multi dimensions, however, there is no natural
ordering of the points, so finding the analogue of the iat is not
straightforward. There are many density-based heterogeneity
measures in the literature such as Ripley’s K-function and pair
correlation function [31], but they are all parameterized. For
introducing distance-based measures, there is the problem of
defining the ‘next point’ or the ‘neighboring points’ in multidimensional domains.
The first and simplest candidate for characterizing a neighboring point in a multi-dimensional domain is to consider the
nearest-neighbor. This leads to the nearest-neighbor distance
measure [32]. However, the nearest-neighbor distance measure
in 1D time domain is not the analogue of the iat because it
considers the min{Ii , Ii+1 } for every point Ti . It is shown in
Section V in our simulation results that the nearest-neighbor
distance fails to capture the process statistics in multidimensional domains because this measure ignores the neighbors other than the closest one. The next candidate is the
distance to the kth neighbor. However, determining k globally is
not possible because every point may have a different number
of neighbors.
In the following, novel distance-based and nonparameterized measures in the space domain are proposed
based on the Voronoi and Delaunay tessellations.
Definition 1—Voronoi Tessellation [33, p. 1]: Given a point
pattern P = {p1 , p2 , . . . , pn } in d-dimensional space Rd , the
Voronoi tessellation VT = {cp1 , cp2 , . . . , cpn } is the set of cells
such that every location, y ∈ cpi , is closer to pi than any other
point in P. This can be expressed formally as


cpi = y ∈ Rd : |y − pi | ≤ |y − pj | for i, j ∈ 1, . . . , n . (2)
Definition 2—Delaunay Tessellation [34, p. 11]: The
Voronoi tessellation in Rd has the property that each of its
vertices is given by the intersection of exactly d + 1 Voronoi
cells. The corresponding d + 1 points define a Delaunay cell.
So the two tessellations are said to be dual.
Fig. 2 demonstrates a pattern of points with its Voronoi tessellation (dashed lines) and Delaunay tessellations (solid lines).
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TABLE I
BASIC S TATISTICS OF D ISTANCE -BASED M EASURES FOR A PPP IN O NE , T WO AND T HREE D IMENSIONS AND T HEIR
A NALOGUES IN T IME D OMAIN : i I S THE P ROCESS P OINT I NDEX , λ IS THE E XPONENTIAL D ISTRIBUTION
PARAMETER FOR I NTER -A RRIVAL T IME AND  I S THE M EAN I NTENSITY OF P OINT P ROCESSES [23]

Definition 3—Natural Neighbor [35, p. 3]: Every two points
sharing a common edge in Voronoi tessellation or equivalently
every two connected points in Delaunay tessellation of a point
process are called ‘natural neighbors’.
Natural neighborship gives an inspiration of neighboring
relation in multi-dimensional domains and leads us to the
analogues of the well accepted iat measure in multi dimensions.
Various statistical inferences based on different properties of
cells generated by these tessellations can be considered for the
measurement of a point pattern.
The Voronoi cell area or Voronoi cell volume V is the first
natural choice. For a lattice process, all the cell areas in 2D
or cell volumes in 3D are equal which results in CV = 0. The
statistics of the Voronoi cells for a PPP (Poisson-Voronoi tessellation) are well investigated in the literature [33], [36]–[39].
Square-rooted Voronoi cell area in 2D or cube-rooted Voronoi
cell volume in 3D can also be considered. We are interested in
Voronoi cell area V because it can be considered as an analogue
of iat in the time domain.
The main focus of this paper is the spatial aspect of traffic
distribution because the temporal aspect is well-investigated in
the literature. The combination of the temporal domain and
the spatial domain, which is a very challenging problem, can
be considered as an extension of this paper. However, it is
critical to understand the heterogeneity in the space domain
thoroughly before proceeding to the combined domain. In that
case, some other metrics such as the inverted Voronoi cell area,
1/V, could be used to normalize the user target rates in the time
domain. Therefore, a combined metric such as R/V can be of
interest in the combined domains; this remains as an interesting
future work.
The next proposed measure is the Delaunay edge length E.
The statistics of Delaunay tessellations is investigated in
[40]–[42]. The mean value of the lengths of Delaunay edges
of every point can also be considered.
A Delaunay tessellation divides the space into triangles or
tetrahedrons in 2D and 3D, respectively. The area distribution
of the triangles or the volume distribution of tetrahedrons can
determine the properties of the underlying pattern.
The Voronoi and Delaunay tessellations can be applied on a
1D process which models traffic in time domain. In this case,
the introduced distance-based measures are converted to time
domain measures. The basic statistics of these measures for a
PPP in one, two, and three dimensions, and their analogues in
time domain, are summarized in Table I.

Fig. 3. Domain similarity: Realizations of processes with sub-Poisson (0 <
C < 1), Poisson (C = 1), and super-Poisson (C > 1) characteristics, respectively, from left to right in time domain (top) and space domain (bottom).

In order to use the above mentioned measures as an analogue
of iat, one needs to normalize their CoV with the CoV values of
iat in the time domain. For the complete homogeneity case, the
CoV values are already zero, same as iat in the time domain.
To normalize the CoV values of the complete random case to
1, it is required to divide the measure by the values presented
in Table I. Fig. 3 demonstrates realizations of processes with
sub-Poisson, Poisson, and super-Poisson characteristics.
B. Traffic Statistics
Assuming that UEs have the same altitude, spatial traffic is
modeled as a 2D point pattern U ∈ R2 which is generated by
a generator point process U . In this paper, the mean, μm , and
the CoV, Cm = σm /μm , are the desired statistics of traffic where
m is the traffic measure and σm is the standard deviation of
m (the third-moment and auto-correlation are stated as future
extensions in Section VI).
Along with the mean and the CoV, which capture the heterogeneity of traffic, a very important statistic of traffic in
space which affects the network performance is the bias of
the UE distribution to the BS distribution (i.e., the correlation
between the two distributions). BS locations
can be modeled by

2
B
,
a superposed 2D point pattern B = K
k=1 k Bk ∈ R , where K
is the number of tiers of BSs in heterogeneous infrastructures
and Bk is the set of BSs of type k operating with power Pk and
generated by a point process k with density λk . The weightedVoronoi tessellation of BSs divides the entire field into Voronoi
cells associated with each BS consisting of the area closer, in
terms of received signal power, to that BS than to any other BS.
A sample realization is shown in Fig. 4(a).
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Fig. 4. The weighted-Voronoi tessellation of BSs divides the whole field into
cells associated with each BS consisting of all points closer, in terms of
received signal power, to that BS than to any other BS. Every point in the
field is then associated with a potential value between −1 and +1, according to
(3). (a) BS weighted-Voronoi tessellation (see Acknowledgment). (b) Potential
distribution.

Fig. 5. The d(x, y) is the distance of the point (x, y) to the associated cell
center, and D(x, y) is the length of the line connecting the associated cell center
to the associated Voronoi cell edge through point (x, y).

To measure the joint distribution of UEs and BSs, we define
the following potential function:
Definition 4—Potential Function: Every point (x, y) in the
field is associated with a potential value P(x, y) ∈ [−1, +1].
The P function must have the following properties:
1) P(x, y) = +1, for cell center points,
2) P(x,
 y) = −1, for Voronoi cell edge points,
3) Ai P(x, y)dxdy = 0, ∀ i,

of x [43]. To have a normalized measure, we use correlation
coefficient which is defined as

where i is the index for BSs and Ai is the Voronoi cell area
associated with BS Bi .
The first property assures that if a UE is at the cell center, its
correlation with BSs is measured as +1. The second property
assures that if a UE is at the cell edge, its correlation with BSs
is measured as −1. The third property assures that if all UEs are
distributed homogeneously (independent from BSs) in the area,
their mean cross-correlation with BSs is equal to 0.
One may identify many functions that satisfy the requirements of the potential function defined above. In this paper, we
consider the simplest polynomial function.
Lemma 1: The simplest polynomial function which satisfies
the requirements of the potential function is

is the covariance of P and , σP is the standard deviation of P,
and σ is the standard deviation of . So, ρ can be defined as

((x, y) − μ ) (P(x, y) − μP ) dxdy
.
ρ =  

(P(x, y) − μP )2 dxdy
((x, y) − μ )2 dxdy
(8)

P(x, y) =

−2 (d(x, y))2
(D(x, y))2

+ 1,

(3)

where d(x, y) is the distance of the point (x, y) to the associated
cell center, and D(x, y) is the length of the line connecting
the associated cell center to the associated Voronoi cell edge
through point (x, y) as shown in Fig. 5.
Proof: See Appendix.
Fig. 4(b) illustrates the potential distribution associated with
the Voronoi tessellation in Fig. 4(a).
Using this potential function, the joint moments


(4)
E Pi j , i, j ≥ 0,
and joint central moments


E (P − μP )i ( − μ )j , i, j ≥ 0,

(5)

can be calculated, where μP is the mean value of P, μ is the
mean value of UE density , and E[x] is the expected value

ρ=

σP
,
σP σ

(6)

where


σP = E (P − μP )( − μ )

(7)

For a UE pattern U (a realization of U ), the correlation
coefficient is calculated as
ρ=

u∈U

|U|

Pu

,

(9)

where Pu is the potential value at point u and |U| is the number
of points in U. A pattern with ρ = +1 means that all UEs have
gathered at the cell centers, a pattern with ρ = 0 means that the
UE distribution is independent from the BS distribution, and a
pattern with ρ = −1 means that all UEs have gathered at the
cell edges.
IV. H ETEROGENEOUS T RAFFIC G ENERATION
A basic traffic generation method is presented in Section IV-A,
which is further improved in Section IV-B.
A. The Basic Method
UEs in a heterogeneous wireless cellular network are attracted to social attractors (SA) such as buildings, bus stations,
shopping centers, and other social places. Furthermore, with
the proliferation of small-cells and the deployment of BSs near
potential SAs, the distance between SAs and BSs is decreasing.
The requirement is a traffic generation method that is able to
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generate most of the possible traffic distributions including the
following:
• situations in which UEs are not attracted to SAs at all and
are completely random, while SAs in turn are distributed
independently from BSs,
• situations in which UEs are not attracted to SAs at all and
are completely random, while SAs are close to BSs,
• situations in which UEs are highly attracted to SAs, while
SAs are distributed independently from BSs,
• situations in which UEs are highly attracted to SAs, and
SAs are close to BSs.
Covering the entire range of the above discussed cases, our
proposed traffic generation method is described as follows.
Obviously, the proposed method is just one way of generating
adjustable heterogeneous and BS-correlated traffic; i.e., it is not
the only way. More accurate methods can be developed based
on the real world data analysis.
Starting with a Poissonian distribution of BSs (B), including
macro-BSs, pico-BSs, and femto-BSs, an independent Poissonian distribution of SAs (S), and an independent distribution
of UEs (U), we move every SA (S i ) towards its closest BS, in
 Si ), by a factor of α ∈
terms of the received signal power (B
new

[0, 1]; so the SA’s new location (Si ) is calculated as
 Si + (1 − α)S i .
S inew = α B

(10)

 i ) towards its closest SA, in terms
Then we move every UE (U

of the Euclidean distance (SUi ), by a factor of β ∈ [0 1]; so the
 inew ) is calculated as
UE’s new location (U
 i.
 inew = β S Ui + (1 − β)U
U

(11)

The initial distribution of UEs can be Poissonian (C = 1) or
deterministic (C = 0). In this paper, to generate sub-Poisson
traffic (C < 1), we start with a deterministic lattice.
The proposed method is general enough to generate traffic
with negative bias to BSs, i.e., UEs gathering at cell edges. To
generate this type of traffic, UEs must be moved to cell edges
instead of cell centers.
B. The Enhanced Method
An undesired property of the basic method described in IV-A
is that when UEs move towards the SAs, some areas of the
network become empty having no UEs. In other words, the
UE distribution shape stays unchanged and it only shrinks to
a smaller area. Fig. 6(a) shows the CDF of the UE density
of network after moving UEs towards SAs with different β
values using the basic method. Even for small values of β (e.g.,
β = 0.4), the SA Voronoi cell edge area has no UEs.
To resolve this undesired feature of the basic method, we
introduce an enhanced method as follows. Instead of having a
fixed value for β, in the enhanced method we model β as a
random variable with
β ∼ N(μβ , σβ ),

Fig. 6. The CDF of the distribution of UEs in the Voronoi cell area of SAs:
(a) When β is deterministic, the UEs are moved towards SAs but the UE
distribution shape is fixed and the Voronoi cell edge area of SAs remains empty
with no UEs. (b) When β is a random variable with normal distribution, even
for high β values, the Voronoi cell edges are not empty and there is a low
probability for UEs existing at cell edges.

(12)

where the mean μβ ∈ [0, 1] indicates the closeness factor
of UEs to SAs (an accurate model based on the real world
measurements may adopt another distribution for β, however,

Fig. 7. β is distributed with normal PDF with a mean value of μβ .

since we do not have access to real traffic measurements, in
this paper we choose normal distribution). In (12), the σβ value
should have the following characteristics:
• β → 0 ⇒ σβ → 0,
• β → 1 ⇒ σβ → 0,
• β → 0.5 ⇒ σβ is maximized.
The σβ value should also be selected in such a way that the
probability of β falling outside [0, 1] should be negligible. In
this paper we set σβ to be
σβ =

0.5 − |μβ − 0.5|
,
3

(13)

thus the probability of β falling outside [0, 1] will be 0.1% as
shown in Fig. 7.
Fig. 6(b) shows the CDF of the UE density of network after
moving UEs towards SAs with different β values using the
enhanced method.
Fig. 8 illustrates various scenarios with different characteristics which can be generated by the proposed traffic generation
method.
In our modeling methodology, the TGIPs are α and β which
are the internal parameters of the traffic generator, and the
traffic statistics of interest are C and ρ. To make the mapping
(i.e., the look-up table generation) from the statistics (C and ρ
in our method) to the TGIPs (α and β in our method), we first
generate traffic patterns with different values of TGIPs and then
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Fig. 8. Traffic distribution scenarios: By regulating only two parameters, α (the closeness indicator of social attractors to BSs), and β (the closeness indicator of
UEs to social attractors) from 0 to 1, traffic distributions with various properties (CoV and BS-correlation) can be generated. The big circles denote macro-BSs,
the triangles denote pico-BSs, the lines are the edges of the weighted-Voronoi tessellation of BSs, squares denote social attractors and small circles represent
UEs. The range of the area is from 0 to 1000 meters in each dimension. (a) α = 0, β = 0, CoV = 1, and ρ = 0. (b) α = 0, β = 0.3, CoV = 1.53, and ρ = 0. (c) α = 0,
β = 0.6, CoV = 2.38, and ρ = 0. (d) α = 0, β = 0.9, CoV = 3.46, and ρ = 0. (e) α = 0.3, β = 0, CoV = 1, and ρ = 0. (f) α = 0.3, β = 0.3, CoV = 1.76, and ρ = 0.23. (g)
α = 0.3, β = 0.6, CoV = 2.81, and ρ = 0.38. (h) α = 0.3, β = 0.9, CoV = 4.03, and ρ = 0.47. (i) α = 0.6, β = 0, CoV = 1, and ρ = 0. (j) α = 0.6, β = 0.3, CoV = 2.06,
and ρ = 0.32. (k) α = 0.6, β = 0.6, CoV = 3.69, and ρ = 0.60. (l) α = 0.6, β = 0.9, CoV = 4.88, and ρ = 0.79. (m) α = 0.9, β = 0, CoV = 1, and ρ = 0. (n) α = 0.9,
β = 0.3, CoV = 2.43, and ρ = 0.39. (o) α = 0.9, β = 0.6, CoV = 4.37, and ρ = 0.77. (p) α = 0.9, β = 0.9, CoV = 5.51, and ρ = 0.94.

measure the associated statistics. Using a fitting procedure, the
resulting mapping can be expressed as
C = F1 (α, β),

(14)

and
ρ = F2 (α, β).

(15)

F1 and F2 are monotonically non-decreasing functions due
to the fact that the CoV and correlation coefficient values are
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Fig. 9. To compare the proposed distance-based traffic measures with the existing nearest-neighbor distance measure, we fixed the α value to zero (α = 0)
and changed the β value from 0 to 1 and calculated the CoV of different
measures. Nearest-neighbor distance cannot capture the traffic heterogeneity
and stays constant in super-Poisson region.

Fig. 10. To be consistent with time domain traffic measurement, we divide the
CoV of the space traffic measures by the convergence value at Poisson patterns.
The normalized CoV values are used in this paper.

both non-decreasing with increasing α and β. Therefore, the
final maps from the desired statistics to TGIPs can be obtained
by the corresponding inverse operations as follows:
α = H1 (C, ρ),

(16)

β = H2 (C, ρ).

(17)

and

V. N UMERICAL R ESULTS
Following the methodology described in Section II, the
traffic measurement method discussed in Section III, and the
traffic generation model described in Section IV, the simulation
results are presented in this section. The traffic modeling results
are presented in Section V-A, and the heterogeneous wireless
cellular network performance analysis results are presented
in Section V-B.

Fig. 11. The normalized CoV of Voronoi cell area is calculated for traffic
generated with different values of α and β.

A. Traffic Modeling Results
Considering a two-tier superposition of BSs (i.e., macro-BSs
and pico-BSs), 10 macro-BSs and 20 pico-BSs are distributed
in a 1000 m × 1000 m square field. The distribution of BSs is
assumed to be PPP. 50 SAs are distributed by an independent
PPP. UEs are distributed using the traffic generation method described in Section IV with parameters α and β. The simulation
is repeated for 1000 random drops.
The first step in traffic measurement is to select the appropriate traffic measure. To compare the proposed spatial traffic
measures with the existing distance-based nearest-neighbor
distance measure, with α fixed at 0, we increased β from 0
to 1 and calculated different traffic measures for each β value.
Fig. 9 illustrates the CoV values of various distance-based
traffic measures introduced in this paper.
The CoVs of all the measures are normalized to 1 at the
Poisson case by dividing the CoVs by their expected values
(presented in Table I). Fig. 10 shows the normalized results.
As it can be seen in Fig. 10, the nearest-neighbor distance
measure cannot capture the traffic heterogeneity as it stays
constant in the super-Poisson region. On the other hand, the
two proposed measures capture the traffic heterogeneity for all

Fig. 12. The correlation coefficient (refer to (9)) between UEs and BSs is
calculated for traffic generated with different values of α and β.

CoV values. The Voronoi cell area is preferable to the Delaunay
cell edge length for two reasons: First, there exists a Voronoi
cell area associated with each user, while a Delaunay cell edge
length cannot be associated with one particular UE. Secondly,
the slope of the Voronoi cell area with respect to β is higher than
the slope of the Delaunay cell edge length with respect to β;
thus the Voronoi cell area can capture the traffic heterogeneity
with a higher resolution. In the remainder of this paper we use
the Voronoi cell area as the traffic measure.
The next step in traffic modeling is to generate a map from
TGIPs to traffic statistics. Figs. 11 and 12 demonstrate the
calculated CoV and correlation coefficient values, respectively,
for different values of α and β, both ranging from 0 to 1.
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Fig. 13. The feasible normalized CoV values for different values of correlation coefficient are shown. Traffic with high correlation with BSs cannot
have low normalized CoV values because high correlation means that UEs
are gathered at cell centers. All the region above the solid line is the possible
traffic generation using our proposed method. The square-marked line shows
the possible traffic generation using the model presented in [19].
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Fig. 15. The horizontal axis shows the desired ρ. The desired ρ is mapped to
the associated α and β values which are used to generate traffic. The vertical
axis shows the calculated ρ from the generated traffic patterns (for each desired
ρ value, the traffic is generated for all feasible normalized CoV values and the
correlation coefficient is averaged out).
TABLE II
S IMULATION PARAMETERS

Fig. 14. The horizontal axis shows the desired normalized CoV. The desired
normalized CoV is mapped to the associated α and β values which are used to
generate traffic. The vertical axis shows the calculated normalized CoV from
the generated traffic patterns (for each desired C value, the traffic is generated
for all feasible ρ values and the CoV is averaged out).

An important observation from the maps in Figs. 11 and 12 is
that the CoV and BS-correlation are not independent. In other
words, the range of achievable CoV values for each correlation
coefficient value is different. This is due to the fact that when
UEs are biased towards BSs, UEs are attracted towards the
points of interest, and this automatically shapes clusters; which
results in a degree of clustering and increases the CoV.
To make a comparison with the existing models in the literature, we should note that the prevailing spatial model used for
UE distribution in the literature is the uniform PPP. To compare
the PPP model to our model we should say that the PPP
corresponds to just one specific point in the whole space of the
possible spatial distribution situations (CoV (heterogeneity)= 1
and ρ (BS-correlation) = 0). There are few models in the
literature which consider heterogeneous or BS-correlated traffic
modeling. To the best of the authors’ knowledge the most
appropriate of those is the one presented in [19] which is a
BS-correlated model. However, the model in [19] is capable of
generating a limited sub-space of the whole traffic possibilities.
Fig. 13 illustrates the feasible region of CoV and correlation
coefficient values generated by our model versus the model
presented in [19].
The next step in traffic modeling is to translate the desired
statistics to appropriate TGIPs which can generate traffic with
the desired statistics. Towards that end, the statistical properties

of the generated traffic are measured. Since the process of traffic
generation is a random process (e.g., β is a random variable),
the measured statistics are not constant and have a deviation
around their expected values. The deviation of the measured
statistics from the desired statistics determines the accuracy of
the method. Figs. 14 and 15 illustrate the measured statistics
versus the desired statistics.
B. Network Performance Analysis Results
The performance of a downlink LTE cellular network is
analyzed in this section. In a field of 1000 m × 1000 m, UEs
are distributed using the traffic generation method described
in Section IV. The simulation parameters are summarized in
Table II [44], [45].
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Fig. 16. The mean user rates is shown for the feasible normalized CoV and correlation coefficient region.

Fig. 17. The coverage probability with minimum SINR threshold of 10 dB is shown for the feasible normalized CoV and correlation coefficient region.

The mean value of the rates of all the network users, and
the coverage probability with a minimum SINR threshold of
10 dB versus the feasible traffic statistics (for 1000 drops) are
presented in Figs. 16 and 17, respectively.
The following are the observations made from Figs. 16 and 17:
• As the correlation coefficient between UE and BS locations increases, the mean user rate and coverage probability also increase as expected, due to the fact that the
received signal strength from the serving BS is increased
and that from the interfering BSs is decreased. As a
result, the SINR statistics are improved.
• For independent UE and BS locations (or, for low correlation coefficient values), as CoV increases, the mean
user rate and coverage probability decrease. This is due to
the fact that as CoV increases, the UEs become concentrated in some localities, and as a result, some BSs don’t
have any UEs connected to them, i.e., the resources of

these BSs are wasted. On the other hand, some BSs are
overloaded with more than the average number of UEs
which have to share the available resources.
• For correlated UE and BS locations (high correlation
coefficient values), as CoV increases, the mean user rate
and coverage probability also increase. In these scenarios, with increasing CoV, UEs move more and more
towards the BSs (cell centers); as a result, the SINR
statistics are improved.

VI. C ONCLUDING R EMARKS
In this paper, a new statistical approach for modeling the
spatial traffic in heterogeneous cellular networks is introduced.
A number of novel distance-based traffic measures in space
are proposed which can be considered as the equivalents of
the iat in the time domain. Only two statistical parameters are
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Fig. 18. Every BS Voronoi cell can be divided to sub-triangles which are each comprised of the BS as a vertex and the lines connecting the BS to the edge.

used to regulate the heterogeneity and bias of traffic towards
the BSs. Stochastic geometry is used to generate realistic and
adjustable traffic. The effects of the realistic traffic modeling on
the performance of heterogeneous wireless cellular networks is
illustrated.
This work can be extended in a number of directions. It is
important to measure the auto-correlation of traffic in space
as a fundamental statistic which affects the performance. It
is also beneficial to consider other point processes and other
Potential functions (refer to (3)) for traffic generation. Various
techniques, such as the user-in-the-loop (UIL) [47]–[49], can
be used to improve network performance for the heterogeneous
and BS-correlated traffic. Finally, a joint time domain and
space domain modeling may be developed to obtain a more
comprehensive traffic model.
The traffic modeling method presented in this paper is general enough to be applied in other wireless networks as well.
For instance, the relaying and routing problems in ad hoc and
Wi-Fi networks are closely related, and are dependent on the
distribution of the network terminals. In wireless networks,
the cell switch-off framework is also highly dependent on the
spatial distribution of the traffic.
It is interesting to note that various characteristics of the
user distributions in wireless networks can be observed in
other phenomena as well. For instance, the similar problems of
heterogeneity of distribution or self-similarity arise in microcosmic level investigations in chemistry and particle physics
and in macro-cosmic level studies in astrophysics.

Fig. 19. The potential value is assumed to be constant on each line parallel to
the cell edges. So, the P value is only a function of x.

potential value inside each picocell is 0 and the pico-BSs are
distributed uniformly, it does not affect the sum potential values
in macrocells.
If the rules of potential function hold inside each subtriangle, we can infer that they hold for entire Voronoi cell
because the potential value of each cell is simply the sum
of potential values of sub-triangles. Therefore, the required
condition for potential function is as follows:
• P(x, y) = +1 for cell center points,
• P(x,
 y) = −1 for Voronoi cell edge points,
P(x, y)dxdy = 0, ∀ i,
•
i
where i are the sub-triangles.
Since the potential value is assumed to be constant on each
line parallel to the cell edges (as shown in Fig. 19), it means
that the last condition can be written as follows:
X

cx

P(x, y)dxdy =

x=0 y=0

A PPENDIX
P ROOF OF THE S IMPLEST P OLYNOMIAL
P OTENTIAL F UNCTION
First, note that every BS Voronoi cell can be divided to subtriangles which are each comprised of the BS as a vertex and
the lines connecting the BS to the edge. An example is shown in
Fig. 18. Increasing the number of sub-triangles to large numbers
assures that the whole area is covered.
Also note that for macro-BSs, some parts of the Voronoi
cell might be covered by picocells. However, since the sum of

X

cxP(x)dx,

(18)

x=0

where constant c is
c=

L
,
X cos θ

(19)

and L is the length of Voronoi cell edge and θ is the angle
associated with the BS vertex. Increasing the number of subtriangles, θ tends to 0 and cos θ tends to 1. So,
c

L
.
X

(20)
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Now, assume that P is a polynomial function. With substitution of P function in the conditions, we can see that P cannot
have a degree of one. So, the minimum degree for P is two.
With substitution of a second-degree polynomial function in the
potential function conditions, the P function is calculated as
−2x2
X2

+ 1,

−2 (d(x, y))
(D(x, y))2

[16]

(21)

which can be generalized to any arbitrary point (x, y). This
proves that the simplest polynomial P function is
P(x, y) =

[15]

2

+ 1.

(22)

ACKNOWLEDGMENT
The authors would like to express their gratitude to
Dr. Harpreet Dhillon (Virginia Tech, USA) for providing
the MATLAB code for generating the weighted-Voronoi tessellation, and to Dr. Gamini Senarath and Dr. Ngoc Dao
(Huawei Technologies, Canada), for their helpful comments
and suggestions.
R EFERENCES
[1] “ Guidelines for evaluation of radio interface technologies for IMTadvanced,” International Telecommunication Union (ITU), Geneva,
Switzerland, Tech. Rep. ITU-R M.2135, 2008.
[2] J. G. Andrews, R. K. Ganti, M. Haenggi, N. Jindal, and S. Weber,
“A primer on spatial modeling and analysis in wireless networks,” IEEE
Commun. Mag., vol. 48, no. 11, pp. 156–163, Nov. 2010.
[3] A. Damnjanovic, J. Montojo, Y. Wei, T. Ji, T. Luo, M. Vajapeyam, T. Yoo,
O. Song, and D. Malladi, “A survey on 3GPP heterogeneous networks,”
IEEE Wireless Commun., vol. 18, no. 3, pp. 10–21, Jun. 2011.
[4] Z. Hasan, H. Boostanimehr, and V. K. Bhargava, “Green cellular networks: A survey, some research issues and challenges,” IEEE Commun.
Surveys Tuts., vol. 13, no. 4, pp. 524–540, Nov. 2011.
[5] Y. Chen, S. Zhang, S. Xu, and G. Y. Li, “Fundamental trade-offs on
green wireless networks,” IEEE Commun. Mag., vol. 49, no. 6, pp. 30–37,
Jun. 2011.
[6] D. Gonzalez G, H. Yanikomeroglu, M. Garcia-Lozano, and S. Ruiz
Boque, “A novel multiobjective framework for cell switch-off in dense
cellular networks,” in Proc. IEEE ICC, Jun. 2014, pp. 2641–2647.
[7] V. Paxson and S. Floyd, “Wide area traffic: The failure of poisson modeling,” IEEE/ACM Trans. Netw., vol. 3, no. 3, pp. 226–244,
Jun. 1995.
[8] W. Fischer and K. Meier-Hellstern, “The Markov-Modulated Poisson
Process (MMPP) cookbook,” Perform. Eval., vol. 18, no. 2, pp. 149–171,
Sep. 1993.
[9] H. Heffes and D. Lucantoni, “A Markov modulated characterization of
packetized voice and data traffic and related statistical multiplexer performance,” IEEE J. Sel. Areas Commun., vol. 4, no. 6, pp. 856–868,
Sep. 1986.
[10] A. Klemm, C. Lindemann, and M. Lohmann, “Modeling IP traffic using
the batch Markovian arrival process,” Perform. Eval., vol. 54, no. 2,
pp. 149–173, Oct. 2003.
[11] L. Muscariello, M. Mellia, M. Meo, M. Ajmone Marsan, and
R. Lo Cigno, “Markov models of Internet traffic and a new hierarchical MMPP model,” Comput. Commun., vol. 28, no. 16, pp. 1835–1851,
Oct. 2005.
[12] A. Dainotti, A. Pescapé, P. S. Rossi, F. Palmieri, and G. Ventre, “Internet
traffic modeling by means of hidden Markov models,” Comput. Netw.,
vol. 52, no. 14, pp. 2645–2662, Oct. 2008.
[13] S. Maheshwari, K. Vasu, S. Mahapatra, and C. Kumar, “A jointparametric realistic traffic model for wireless Internet using hidden
Markov model,” in Proc. IEEE CSQRWC, Harbin, China, Jul. 2011,
pp. 806–811.
[14] Y. Xie, J. Hu, Y. Xiang, S. Yu, S. Tang, and Y. Wang, “Modeling oscillation behavior of network traffic by nested hidden Markov model with

[17]
[18]
[19]
[20]
[21]
[22]
[23]

[24]

[25]
[26]
[27]
[28]
[29]
[30]
[31]
[32]
[33]
[34]
[35]
[36]
[37]
[38]
[39]
[40]

variable state-duration,” IEEE Trans. Parallel Distrib. Syst., vol. 24, no.
9, pp. 1807–1817, Sep. 2013.
H. ElSawy, E. Hossain, and M. Haenggi, “Stochastic geometry for modeling, analysis, and design of multi-tier and cognitive cellular wireless
networks: A survey,” IEEE Commun. Surveys Tuts., vol. 15, no. 3,
pp. 996–1019, Jul. 2013.
C. Bettstetter, M. Gyarmati, and U. Schilcher, “An inhomogeneous spatial
node distribution and its stochastic properties,” in Proc. ACM Symp.
Modeling, Anal., Simul. Wireless Mobile Syst., New York, NY, USA,
Jun. 2007, pp. 400–404.
C. Qvarfordt and P. Legg, “Evaluation of LTE HetNet deployments with
realistic traffic models,” in Proc. IEEE Int. Workshop CAMAD, Barcelona,
Spain, Sep. 2012, pp. 307–311.
“ Further advancements for E-UTRA physical layer,” 3rd Generation
Partnership Project, Sophia Antipolis Cedex, France, Tech. Rep. 3GPP
TR 36.814, 2010.
H. Dhillon, R. Ganti, and J. Andrews, “Modeling non-uniform UE distributions in downlink cellular networks,” IEEE Wireless Commun. Lett.,
vol. 2, no. 3, pp. 339–342, Jun. 2013.
M. Taranetz and M. Rupp, “Performance of femtocell access point deployments in user hot-spot scenarios,” in Proc. IEEE ATNAC, Brisbane,
QLD, Australia, Nov. 2012, pp. 1–5.
D. Lee, S. Zhou, X. Zhong, Z. Niu, X. Zhou, and H. Zhang, “Spatial modeling of the traffic density in cellular networks,” IEEE Wireless Commun.
Mag., vol. 21, no. 1, pp. 80–88, Feb. 2014.
Z. Wang, R. Schoenen, H. Yanikomeroglu, and M. St-Hilaire, “Load balancing in cellular networks with user-in-the-loop: A spatial traffic shaping
approach,” in Proc. IEEE ICC, London, U.K., Jun. 2015, pp. 1–6.
M. Mirahsan, R. Schoenen, Z. Wang, H. Yanikomeroglu, and M. St-Hilaire,
“Unified and non-parameterized statistical modeling of temporal and spatial traffic heterogeneity in wireless cellular networks,” in Proc. IEEE
ICC’14 WS—5G, Sydney, NSW, Australia, Jun. 2014, pp. 55–60.
M. Mirahsan, R. Schoenen, and H. Yanikomeroglu, “Statistical modeling of spatial traffic distribution with adjustable heterogeneity and bscorrelation in wireless cellular networks,” in Proc. IEEE Globecom,
Austin, TX, USA, Dec. 2014, pp. 1–6.
A. T. Andersen and B. F. Nielsen, “A Markovian approach for modeling
packet traffic with long-range dependence,” IEEE J. Sel. Areas Commun.,
vol. 16, no. 5, pp. 719–732, Aug. 1998.
G. Casale, E. Z. Zhang, and E. Smirni, Interarrival times characterization and fitting for Markovian traffic analysis. Dagstuhl, Germany: Int.
Begegnungs-und Forschungszentrum für Informatik, 2008.
M. Mirahsan, R. Schoenen, S. Szyszkowicz, and H. Yanikomeroglu, “Spatial heterogeneity of users in wireless cellular networks based on open
urban maps,” in Proc. IEEE ICC, Jun. 2015, pp. 1–5.
“OpenStreetMap,” http://www.openstreetmap.org/
J. Rataj, I. Saxl, and K. Pelikán, “Convergence of randomly oscillating
point patterns to the Poisson point process,” Appl. Math., vol. 38, no. 3,
pp. 221–235, 1993.
V. Lucarini, “From symmetry breaking to Poisson point process in
2d Voronoi tessellations: The generic nature of hexagons,” J. Statist.
Phys., vol. 130, no. 6, pp. 1047–1062, Mar. 2008.
B. Błaszczyszyn and D. Yogeshwaran, “On comparison of clustering
properties of point processes,” Adv. Appl. Probab., vol. 46, no. 1, pp. 1–20,
Jan. 2014.
P. J. Clark and F. C. Evans, “Distance to nearest neighbor as a measure of
spatial relationships in populations,” Ecology, vol. 35, no. 4, pp. 445–453,
1954.
C. D. Barr, Applications of Voronoi Tessellations in Point Pattern Analysis.
ProQuest, Ann Arbor, MI, USA, 2008.
J. Møller and D. Stoyan, “Stochastic geometry and random tessellations,” Dept. Math. Sci., Aalborg Univ., Aalborg, Denmark, Tech. Rep.,
2007.
L. Sirovich, F. Cavallini, F. Pettenati, and M. Bobbio, “Natural-neighbor
isoseismals,” Bull. Seismol. Soc. Amer., vol. 92, no. 5, pp. 1933–1940,
2002.
J. Møller and R. P. Waagepetersen, “Modern statistics for spatial point processes,” Scandinavian J. Statist., vol. 34, no. 4, pp. 643–684, Dec. 2007.
E. Gilbert, “Random subdivisions of space into crystals,” Ann. Math.
Statist., vol. 33, no. 3, pp. 958–972, 1962.
K. Borovkov and D. Odell, “Simulation studies of some voronoi point processes,” Acta Applicandae Math., vol. 96, no. 1–3, pp. 87–97,
May 2007.
M. Tanemura, “Statistical distributions of Poisson Voronoi cells in two and
three dimensions,” Forma-Tokyo, vol. 18, no. 4, pp. 221–247, 2003.
L. Muche, “Distributional properties of the three-dimensional poisson
delaunay cell,” J. Statist. Phys., vol. 84, no. 1/2, pp. 147–167, Jul. 1996.

MIRAHSAN et al.: HETHETNETS

[41] P. Rathie, “On the volume distribution of the typical Poisson-Delaunay
cell,” J. Appl. Probab., pp. 740–744, Sep. 1992.
[42] R. Miles, “The random division of space,” Adv. Appl. Probab., pp. 243–
266, Dec. 1972.
[43] A. Leon-Garcia, Probability and Random Processes for Electrical
Engineering. Reading, MA, USA: Addison-Wesely, 1994.
[44] J. F. Monserrat, P. Sroka, G. Auer, J. Cabrejas, D. Martin-Sacristan,
A. Mihovska, R. Rossi, A. Saul, and R. Schoenen, “Advanced radio
resource management for IMT-Advanced in WINNER+ (II),” in Proc.
ICT-MobileSummit, Florence, Italy, Jun. 2010, pp. 1–9.
[45] D. Bültmann, T. Andre, and R. Schoenen, “Analysis of 3GPP LTEAdvanced cell spectral efficiency,” in Proc. PIMRC, Istanbul, Turkey,
Sep. 2010, pp. 1876–1881.
[46] R. Schoenen, A. Otyakmaz, and Z. Xu, “Resource allocation and scheduling in FDD multihop cellular systems,” in Proc. IEEE ICC Int. Workshop
MACOM, Dresden, Germany, Jun. 2009, pp. 1–6.
[47] R. Schoenen, “On increasing the spectral efficiency more than 100%
by user-in-the-control-loop,” in Proc. APCC, Auckland, New Zealand,
Oct. 2010, pp. 159–164.
[48] R. Schoenen, H. Yanikomeroglu, and B. Walke, “User in the loop: Mobility aware users substantially boost spectral efficiency of cellular OFDMA
systems,” IEEE Commun. Lett., vol. 15, no. 5, pp. 488–490, May 2011.
[49] R. Schoenen and H. Yanikomeroglu, “User-in-the-loop: Spatial and temporal demand shaping for sustainable wireless networks,” IEEE Commun.
Mag., vol. 52, no. 2, pp. 196–203, Feb. 2014.

Meisam Mirahsan (S’13) was born in Tehran, Iran,
in 1983. He received the B.Sc. and M.A.Sc. degrees
in information technology engineering and computer
networks engineering from Amirkabir University of
Technology, Tehran, in 2007 and 2010, respectively.
He is currently working toward the Ph.D. degree
in electrical engineering at the Department of Systems and Computer Engineering, Carleton University, Ottawa, ON, Canada under the supervision of
Prof. Halim Yanikomeroglu. From 2009 to 2012,
he worked as a Network Design Team Manager on
Iran’s national backhaul IP/MPLS network design with the leading network
design company Favapars, Tehran. During 2015, he has been doing internship
as a Wireless Network Engineer with Huawei Technologies, Ottawa R&D,
Canada. His research interests include wireless networks, traffic modeling,
stochastic geometry, network virtualization, and resource allocation in radio
access networks.

Rainer Schoenen (SM’13) received the DiplomIngenieur and Ph.D. degrees in electrical engineering
from RWTH Aachen University, Aachen, Germany,
in 1995 and 2000, respectively. His Ph.D. thesis
was on system components for broadband universal
networks with QoS guarantee. From 1995 to 2000,
he was with the ISS group of Prof. Heinrich Meyr
at RWTH Aachen University. He was self-employed
in 2000. From 2005 to 2009, he was a Senior Researcher with the Communication Networks (ComNets) Research Group, RWTH Aachen University,
with Professor Walke, working on computer networks, queuing theory, Petri
nets, LTE-Advanced, FDD relaying, scheduling, OSI layer 2 (MAC), and
IMT-Advanced Evaluation within WINNER+. From 2010 to 2014, he worked
with the Department of Systems and Computer Engineering, Carleton University, Ottawa, ON, Canada, as a Project Manager supporting Professor
Halim Yanikomeroglu. Since 2015, he has been a Professor with Hamburg
University of Applied Sciences, Hamburg, Germany. His research interests
include stochastic Petri nets and queuing systems, ATM, TCP/IP, switching,
flow control, QoS, tariffs, user-in-the-loop (UIL), wireless resource and packet
scheduling, and the MAC layer of 4+5G systems.

2265

Halim Yanikomeroglu (S’96–M’98–SM’12) was
born in Giresun, Turkey, in 1968. He received the
B.Sc. degree in electrical and electronics engineering
from the Middle East Technical University, Ankara,
Turkey, in 1990 and the M.A.Sc. degree in electrical
engineering (now ECE) and the Ph.D. degree in electrical and computer engineering from the University
of Toronto, Toronto, ON, Canada, in 1992 and 1998,
respectively. From 1993 to 1994, he was with the
R&D Group, Marconi Kominikasyon A.S., Ankara.
Since 1998, he has been with the Department of
Systems and Computer Engineering, Carleton University, Ottawa, ON, where
he is currently a Full Professor. From 2011 to 2012, he was with TOBB University of Economics and Technology, Ankara, Turkey, as a Visiting Professor.
He is the author or coauthor of over 65 IEEE journal papers, and he has
given a high number of tutorials and invited talks on wireless technologies in
the leading international conferences. In recent years, his research has been
funded by Huawei, Telus, Blackberry, Samsung, Communications Research
Centre of Canada (CRC), and Nortel. This collaborative research resulted in
about 20 patents (granted and applied). His research interests include many
aspects of wireless technologies, with special emphasis on cellular networks.
He has been involved in the organization of the IEEE Wireless Communications
and Networking Conference (WCNC) from its inception, including serving
as a Steering Committee Member and as the Technical Program Chair or
Cochair of WCNC 2004 (Atlanta), WCNC 2008 (Las Vegas), and WCNC 2014
(Istanbul). He was the General Co-Chair of the IEEE Vehicular Technology
Conference Fall 2010 held in Ottawa. He has served in the editorial boards of
the IEEE T RANSACTIONS ON C OMMUNICATIONS, IEEE T RANSACTIONS
ON W IRELESS C OMMUNICATIONS , and IEEE C OMMUNICATIONS S URVEYS
& T UTORIALS . He was the Chair of the IEEE Technical Committee on
Personal Communications (now called Wireless Technical Committee). He is a
Distinguished Lecturer for the IEEE Communications Society (2015–2016) and
the IEEE Vehicular Technology Society (2011–2015). He received the Carleton
University Research Achievement Award in 2009, the Carleton University
Faculty Graduate Mentoring Award and the Carleton University Graduate
Students Association Excellence Award in Graduate Teaching in 2010, and the
IEEE Ottawa Section Outstanding Educator Award in 2014. He is a registered
Professional Engineer in the province of Ontario, Canada.

