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Abstract—This paper applies stochastic geometry to model the
distribution of downlink transmit power in macro base stations
in mobile networks. Using data from cellular 3G deployments in
the UK, we find, through hypothesis tests, that the maximum
transmit powers of base stations in urban environments are
independent of both the local density of base stations and
the transmit power of adjacent base stations. Following this,
we propose using random assignment from a fixed probability
distribution as a model for base station downlink transmit power
assignment. This proposed method is shown to be suitable for
base station power assignment via goodness-of-fit tests. We also
study how different probabilistic and deterministic transmit
power assignments to base stations affect the complementary
cumulative distribution function of the SINR experienced by a
user in the network.

Index Terms—Stochastic geometry, spatial statistical analysis,
mobile networks, downlink transmit powers, real mobile network
data.

I. INTRODUCTION

In recent years there has been growing interest from the
wireless community in applying statistical analysis to real
mobile network data [1], [2], [3]. As the availability of real-
world data and its scope are often limited, it is beneficial to be
able to generate a model based on the stochastic features of
the available data. Features of a cellular network such as the
location of base stations (BSs) can be represented as points
in a two- or three-dimensional plane, which enables one to
study the spatial behaviour and interaction of the individual
components of the network. For example, the authors of
[2] gain insight into the coverage of a set of real-world
networks by fitting multiple point process models to available
BS deployment data and the authors of [3] use real-world
deployment data to derive a mathematically tractable model
for inter-BS spatial repulsion effects.
In this paper we address how to model downlink transmit
power allocation in networks composed of either single-
operator deployments or multi-operator deployments. In order
to answer this question, we apply spatial statistical analysis
to quantify patterns available in real-world downlink transmit
power allocations as well as determine their goodness-of-fit as
simulators of real-world networks. Additionally, we consider
the network coverage that arises from our power allocation
model when applied to existing BS deployments.
Specifically, we analyze whether there exists statistically sig-
nificant dependence between spatial positions of BSs and
their allocated transmit powers and in particular whether the

power allocated to a BS depends on the local density of BS
deployments. Subsequently, we analyze whether there exists
statistically significant spatial correlation between allocated
transmit powers, i.e. whether the power allocated to one BS
depends on the powers allocated to other adjacent BSs. The
results of the analysis lead us to propose a transmit power
allocation model which we, subsequently, validate by carrying
out a goodness-of-fit hypothesis test. Our test data comes from
real-world BS deployments, and maximum transmit power
allocations, of the 3G networks deployed by major mobile
operators in some of the major cities of the UK.
The main contributions of this paper can be summarized as
follows: 1) we show that downlink macro- and micro-cell
transmit power allocations in a real 3G network, both in
single and multi-operator cases, can be considered independent
and identically distributed (iid); 2) we show that, for the
purposes of simulation, these transmit powers can be allocated
randomly, following a truncated normal distribution.

II. METHODOLOGY

We represent a wireless BS deployment as a point process
Φ = {x1, x2, ...} ⊂ R2, with elements being random variables
xi ∈ R2, i.e., points in two-dimensional space. Each point
(BS) is assigned a mark (representing the transmit power).
This assignment yields another set Φ̂ that consists of pairs of
the following form (xi,mi), where xi ∈ Φ and mi ∈ R+, the
non-negative real numbers. Set Φ̂ is referred to as the marked
point process.
We are interested in studying models of mark allocations to the
point patterns coming from real-world BS deployments. We
do this by applying the following methodology that consists
of steps from spatial statistical analysis and wireless network
coverage analysis.
Spatial Statistical Analysis In the first step we test the
hypothesis of downlink transmit power allocation being in-
fluenced by the local density of BSs. In order to test this
hypothesis, we carry out a test which measures the amount
of correlation between the transmit power value of a BS
and the local BS density. In order to obtain the local BS
density, we perform a Voronoi tessellation [4, Ch. 7], where
each BS is assigned a tile corresponding to the area that
is at the closest distance to that BS. Then, the local BS
density corresponds to the reciprocal of the area of the Voronoi
cell. As a result, each BS is assigned a pair of values:
the downlink transmit power and the local BS density. We



measure the strength of correlation between the two variables
using two correlation coefficients [5, Ch. 7]: the Pearson’s
coefficient, which quantifies the strength of linear correlation
and the Spearman’s coefficient, which quantifies the monotonic
relationship between the two variables (in general, this may
not be linear). The Fisher’s Z transformation is then applied to
these coefficients to test the hypothesis that the two variables
are correlated.
In the second step, we test the hypothesis that the maximum
transmit power of a BS is correlated with the maximum
transmit power values allocated to the neighbouring BSs. We
carry out the hypothesis test using a mark variogram test [6,
Ch. 4]. The mark variogram is a measure of the variability
of marks in a marked point pattern over a range of distances,
defined as:

γ(r) =
1

2
E[(mi −mj)

2], (1)

where mi and mj are mark values at points a distance r apart.
To statistically determine whether the variogram shows some
correlation (or lack thereof) we use an envelope test [7]. The
envelope test is a Monte Carlo test in which the variogram of
the empirical data is compared against bounds calculated from
a set of marked point patterns, with mark distributions known
to be uncorrelated. We create this set by randomly permuting
mark allocations in the pattern obtained from empirical data.
The marks can be considered uncorrelated if the variogram,
calculated for the empirical pattern, is contained within the
bounds obtained from minimum and maximum values of the
variogram, calculated for the permuted patterns. The signifi-
cance level of the test depends on the cardinality of the set of
permuted patterns.
Eventually, if it turns out that the transmit powers are in-
dependent of both local BS density and the transmit power
values allocated to neighbouring BSs, then marks may be
considered iid. For the iid mark case each point (BS) shall
be allocated a mark (transmit power) independently at random,
with a distribution that corresponds to the distribution of marks
observed in the empirical data.
Alternatively, if there exists correlation between:

1) marks and local point density, then the marks should be
modelled as a function of local point density, where the
function is estimated using, for example, the maximum
likelihood estimation [8],

2) adjacent marks, then geostatistical marking should be
applied, wherein the spatial mark distribution is described
using a random field with the value of any given mark
being the value of the random field at that location.

If the transmit powers are shown to be iid then the final
step of our statistical analysis is to test the hypothesis that
the allocation of transmit powers in a real-world BS network
can be replicated using random assignment from a probability
density function (PDF) fitted to the mark distribution. We
test the suitability of a PDF power allocation model with a
goodness-of-fit envelope test using the mark-weighted Ripley’s
K summary characteristic Kmm [9], [10]. This is a metric
which describes the expected normalised sum of products of

the mark of a typical point in a marked point pattern and all
of the marks belonging to points within a distance r.

Kmm(r) =
∑
i

∑
j 6=i

mimjI(||xi, xj || ≤ r)/λµ2, (2)

where I is the indicator function, ||.|| denotes Euclidean
distance, mi and xi are the marks and coordinates of marked
points in Φ̂, λ is the density of the point pattern and µ is
the mean of the mark values. For the goodness-of-fit envelope
test we generate multiple Monte Carlo realisations of a marked
point pattern using the proposed power allocation model and
compare the bounds against the mark-weighted Ripley’s K of
the empirical data.
Wireless Network Coverage Comparison In addition to
the envelope test we consider a qualitative comparison of
the wireless coverage resulting from various candidate power
allocation PDFs to the empirical dataset. To represent the
wireless coverage we use the coverage probability [9], which
can be defined as the probability of achieving a target signal-
to-interference and noise ratio (SINR) θ when a user randomly
located in the region of interest associates with the nearest BS,
which can be expressed as follows:

pc = Exi
[P (SINR > θ|xi)] (3)

where Exi denotes expectation over the distance to the nearest
BS x ∈ Φ̂. The SINR is defined as follows:

SINR =
hxi l(xi)

W +
∑
yj∈Φ̂\{xi} hyj l(yj)

(4)

where W is the noise power, and the power of the signal
received by a typical user, i.e., located in the origin (0, 0),
is affected by two factors: pathloss l(xi) and power fading
hxi , where xi ∈ Φ̂ denotes the location of the serving BS.
The pathloss function l : R2 → R+ is of the form l(xi) =
||xi||−α, where α is the pathloss coefficient, and the power
fading is Rayleigh, with mean corresponding to the transmit
power mi ∈ R+, i.e., hxi

∼ exp(1/mi).

III. DATASET

The dataset that we use is available from the UK’s Office for
Communications (OfCom) [11]. OfCom maintains a database
of mobile network information voluntarily supplied by the
UK’s mobile operators. Each record in the database con-
tains information about a particular BS including its location,
maximum transmit power, operating frequency band and the
operator to which it belongs.
From OfCom’s database we have extracted BS location and
downlink maximum transmit power (in dBW) for the 3G
technology for each of the four major mobile operators, O2,
Orange, Three and Vodafone, in a number of city areas that
represent urban scenarios: Sheffield, Edinburgh, Manchester,
Liverpool and Leeds. Each of these cities has a population of
500, 000 – 1, 000, 000 residents with a sizable urban topology
and several hundred BS. Each scenario contains BS deploy-
ment information for an observation window of size 10-by-
10 km with arbitrarily selected central locations. To avoid edge



effects we allow for a 5 km buffer around the window edges.
When converting multi-operator deployment to a point process
we simplify each co-location to a single site by randomly
selecting one of the BSs and discarding the rest: this is
necessary as the techniques used for the iid hypothesis tests
assume there to be no more than one unique base station at
any coordinate. Inspection of the dataset suggests that inter-
operator co-location occurs at no more than 10% of all BSs
so this approximation is not expected to impact the overall
accuracy of our results.
We observe that the majority of mobile operators have BSs
with transmit powers in the 20-30 dBW range, which implies
two types of BS deployments: macro- and microcell. For some
operators, however, we observe also small-cell deployments,
where BS transmit power is below 20 dBW. These, however,
occur only for Orange and Three and seem to be at an early
stage of deployment, as their number is significantly smaller
than the number of available macro- and microcell BSs. For
this reason we restrict our investigation to the macro- and
microcells in the 20-30 dBW transmit power range.

IV. STATISTICAL EVALUATION

Mark Spatial Correlation Test For each of the real BS
deployment patterns we evaluate the correlation between local
BS density and the transmit power by calculating the correla-
tion coefficients described in the methodology section. Using
the Fisher’s Z transformation these coefficients are converted
into standard normal variables and the mark correlation hy-
pothesis is tested for a significance level of 0.01. We report
that, with the exception of the Pearson’s coefficient for the O2
network in Manchester, all of the correlation coefficients fail
the correlation hypothesis test. The results show that there is no
correlation between the transmit power of a BS and the density
of its neighbours, with the O2 Manchester network being an
outlier. Fig. 1 shows an example of the typical distribution
of transmit powers relative to local BS densities. The scatter
plot depicts the transmit power values in the dataset and the
local densities of their associated BSs. The natural logarithm
of the local densities is used to more evenly distribute the
values as we observe more occurrences of lower density values
than high-density ones. Visual inspection of the scatter pattern
confirms the result of the hypothesis test: the points show no
indication of correlation to BS deployment density.
Adjacent Mark Correlation Test We calculate the variogram
for the four mobile networks in the five cities, with interpoint
distance r varied between 0 and 2.5 kilometres. We use 99
Monte Carlo trials, corresponding to a significance level of
0.01, to generate uncorrelated mark distributions for the var-
iogram hypothesis test envelope. Fig. 2 shows the variogram
for the Vodafone network in Edinburgh. We report that the 20
tested datasets fail the hypothesis test by showing a variogram
value inside the envelope bounds for all values of r. As such
we report that the tested networks do not display correlation
in the transmit power of neighbour BSs, including the O2
Manchester network that failed the mark spatial correlation
test in the previous section.
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Fig. 1. Illustrative mark spatial correlation test.
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Fig. 2. Illustrative variogram test.

Goodness-of-fit Test Having demonstrated that the real-world
networks have iid transmit powers we now carry out a
goodness-of-fit test to determine if a PDF fitted to the mark
distribution is feasible as a transmit power modelling tool.
The PDF of choice is a truncated normal distribution with
parameters obtained via maximum likelihood fitting of the
dataset mark space R+ using the MASS library in R [12].
Fig. 3 shows the envelope of the goodness-of-fit test for the
O2 network in Sheffield.

We report that a truncated normal distribution passes the
goodness-of-fit envelope test for all operators across the five
cities. Furthermore, the transmit power deployments for the
O2, Orange and Vodafone operators can be successfully repli-
cated using a single fitted model. Our results suggest that a
truncated normal distribution with a mean µ of 28.03 dBW and
a standard deviation σ of 1.41 dBW produces transmit power
deployments which pass the envelope test across all cities for
the three operators.
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Fig. 3. Goodness-of-fit test

V. WIRELESS COVERAGE COMPARISON

Having demonstrated that the real-world networks can be
modelled as having iid maximum transmit powers which can
be successfully replicated using a PDF we now carry out
comparisons of different probability distributions and how
they affect the complementary cumulative distribution function
(CCDF) of SINR.
In addition to our proposed truncated normal distribution
we simulate lognormal distributions with fitted parameters, a
uniform probability distribution which evenly assigns transmit
powers between 20 dBW and 32 dBW and the unmarked and
max mark distributions which assign a constant mark of
1 dBW and 32 dBW respectively to all of the BSs in the
dataset.
We take the point with the shortest Euclidean distance to
the receiver as the source of the desired signal and all the
remaining points as sources of interference. 1,000 receiver
points are randomly scattered in the sample window and for
each one the SINR is calculated as in (3). The aggregate
of SINR values is then used to calculate the CCDF for that
mark assignment method. We consider two noise cases, one
where noise power is equal to zero and one where the noise
power is non-zero. For the following evaluation the pathloss
coefficient α is set to four [13] and the noise power W is
varied from -130 to -60 dBW in 10 dBW increments. Marks
are randomly assigned to BSs in the dataset across 99 Monte
Carlo realisations, the CCDF pc is stored for each realisation
and the values are averaged to give the expected value of pc.
Noise-free Case We observe that the CCDFs of the randomly
assigned mark values overlap with the CCDF calculated
from the dataset, with the exception of the uniform marking
assignment case. This suggests that in the noise-free case
where the distribution of SINR is purely interference-limited
the absolute values of the transmit powers do not affect the
overall CCDF, as the transmit power of a BS contributes
equally to both the received signal and received interference at
different receiver points. The outlying CCDF of the uniform

marking case may suggest that it is the variance in the range
of transmit powers which affects network coverage, indicating
the usefulness of a power allocation model which has true-to-
life variance in transmit powers. These observations hold for
both the single and multi-operator cases, as shown in Figs. 4
and 5, respectively.
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Fig. 4. Single-operator no noise case.
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Fig. 5. Multi-operator no noise case.

Noise Case In the noisy scenario we vary the noise values
between -130 dBW and -90 dBW. With the presence of a noise
component in the pathloss calculations the absolute values of
BS transmit powers heavily influence the CCDF values. A
model which assumes unitary transmit power for all BSs in the
presence of -90 dBW of noise may result in SINR values which
are shifted by as much as 20dB from simulations which use
our proposed truncated normal power allocation. Following the
results of the statistical tests it is not surprising that the CCDF
arising from our truncated normal power allocation closely
follows the dataset CCDF. This behaviour holds for all tested
noise settings in both single and multi-operator cases.
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Fig. 6. Single-operator -90dBW noise case.

−20 −15 −10 −5 0 5 10 15 20 25
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

SINR [dB]

C
C

D
F

Manchester

 

 
Dataset
Normal
Lognormal
Unmarked
Max Marked
Uniform Marked

Fig. 7. Multi-operator -90dBW noise case.

VI. CONCLUSION

As a result of our study, we discover that downlink transmit
power allocations in a real wireless network, both in the single
and the multi-operator case, can be considered iid due to a
lack of observable correlation between the transmit power
levels of neighbouring BSs. We verify this by fitting truncated
normal distributions to the real-world datasets and carrying
out goodness-of-fit envelope tests. Furthermore, goodness-of-
fit tests suggest that a single statistical model can replicate the
transmit power deployment of three of the four tested operator
networks.
In our future work we intend to apply the derived transmit
power model to evaluate the performance of wireless networks
distributed according to stochastic geometry models derived
from the dataset, such as [2] or [14].
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