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Abstract—Recent advances towards opening underutilized
spectrum resources for secondary use rely on geolocation
databases to determine protection requirements of primary users.
This paper studies the achievable accuracy of signal strength es-
timation for a primary TV network with log-normal propagation
models, linear interpolation through Delaunay triangulation, and
ordinary kriging as means of including measurement data into
a database’s prediction process. Direct estimation methods are
compared against hybrid mixture models of statistical propa-
gation modelling with interpolation of the error surface. The
results presented herein use measurements from a large-scale
measurement campaign in the UK. They show that relatively
small data sets suffice to achieve mean absolute prediction errors
of 3.1–5.0 dB compared to 5.9–6.9 dB achieved by purely terrain-
based estimation approaches.

I. INTRODUCTION

The proliferation of networked services has increased the
demand for ubiquitous and high-speed connectivity, thereby
driving the rapid evolution of wireless access networks. Since
spectrum is scarce, these networks will require to use currently
underoccupied radio resources, e.g. by querying a geolocation
database for permissible access. First field trials on secondary
use of the so-called TV whitespaces (TVWS) have shown
promising results, yet the underlying requirements for regu-
latory policy and the necessary technical framework are still
under intense investigation.

Particularly geolocation databases will be a crucial element
for the success and viability of methods to improve spectrum
efficiency. Building upon extensive propagation modelling,
transmitter data, and regulator information they will establish
the framework for safe secondary operations, i.e. interference-
free coexistence between radio networks in the same bands.
However, their initial prediction accuracy and the necessity
to include safety margins to compensate for errors in the
databases’ coverage prediction [1], [2] call for further research.

In this paper, we will present methods for building large-
scale radio environment maps with spectrum sensing data,
which may, e.g., originate from (user-assisted) measurements.
Contrary to previous works that have focused on comparing
a large number of existing propagation models using small to
mid-sized measurement data sets, we test three parametric and
non-parametric interpolation approaches against test data that

originates from large-scale drive tests in the UK and covers a
region of approximately 746 km2, giving us an unprecedented
opportunity to study the requirements for including real spec-
trum information into a database framework.

Our analysis for the particular case of TV coverage shows
that terrain-aware propagation modeling yields mean abso-
lute prediction errors between 5.9 and 6.9 dB for the main
broadcasting channels, and that “lightweight” drive testing
can reduce this error to between 3.1 and 5.0 dB. Furthermore,
direct signal strength estimation via interpolation showed sur-
prisingly superior performance over data-driven adjustments to
statistical propagation models. This is a significant finding with
regard to the design of hybrid simulation/measurement-based
radio environment maps. These results confirm similar findings
from small-scale scenarios, see e.g. [3], where inclusion of
user-acquired measurement data for minimization of drive
testing is considered. We note that the difference of few dBs
may change protection contours by tens of kilometres, when
exclusion zones and transmit powers of secondary devices are
properly derived.

This paper is organized as follows: Section II presents
related work on geolocation databases with a focus on TV
whitespaces. Section III outlines our measurement campaign
and provides best practices for preprocessing of spectrum data
for geolocation databases. Section IV introduces interpolation
methods for single-transmitter coverage prediction, and results
for an example transmitter are presented in Section V. Sec-
tion VI dicusses an extension of these algorithms to cover
larger (multi-transmitter) regions with multiple TV transmit-
ters, for which we present our findings in Section VII. The
paper is concluded in Section VIII.

II. RELATED WORK

Since the rulemaking by FCC [4] in 2010 opening unoccu-
pied TV bands in the U.S. for secondary use, numerous papers
have been published that predict by means of extensive sim-
ulations the extent of available spectrum resources. Harrison
et al. [5] were the first to quantify channel availability by
applying an ITU propagation model and calculating coverage
for the continental U.S.A. Similar calculations were conducted
by van de Beek et al. [6] for selected countries in Europe.



Their work also compares quantitatively ITU based whitespace
predictions against more computationally intensive terrain-
aware propagation models. For the particular scenario of the
UK, Nekovee et al. [7] have conducted similar calculations as
van de Beek et al., albeit they do not report which particular
propagation model they have used.

Phillips et al. [2] were quantifying the errors of pure
statistical/simulation-based modelling approaches. They derive
estimation errors of a plethora of widely-used propagation
models by comparing theoretical predictions to measurement
data obtained by large measurement campaigns in U.S. urban
and campus environments. Their work is limited to small-
scale setups with large number of transmitters, namely Wi-Fi
installations with known deployment locations, but reports root
mean square errors of 10–50 dB for the different prediction
models and data sets. Faruk et al. [8] have conducted a similar
comparison study for TV bands with data for six routes in
Kwara State, Nigeria. In [1] we present a case study on
methods to improve coverage prediction for single-frequency
DTV networks, analyzing data from a multi-tower setup in a
mid-sized European city. Here, pure terrain-aware propagation
modeling exhibited errors of approximately 10–15 dB.

Geolocation database architectures are discussed in [9], and
a small comparison study for prediction accuracy in terms of
the absence of TV signal is presented. The authors give a very
positive outlook on the estimation precision of the statistical
models, but their findings draw from only 57 measurement
locations on a single 1,500 km path, and may thus be limited in
generalizability. In a similar manner to this paper, the authors
in [10] present three different interpolation methods for updat-
ing geolocation databases with sensing data. Our paper follows
a similar approach, but draws from a significantly larger data
set, which provides more insight into general challenges into
measurement-driven geolocation database design.

III. MEASUREMENT CAMPAIGN

We base our study on data aquired during a large-scale
measurement campaign in the county of Devon, UK, carried
out on behalf of local regulator Ofcom. The campaign took
place from mid-September to November 2010, shortly after
the switchover from analogue to digital TV in the respective
region. We have combined raw signal strength information
on 40x8 MHz channels in order to establish median signal
strength estimates for 282,610 measurement locations, see
Figure 1 for an example of the measured DTV coverage.
In accordance with regular procedures for coverage planning
of broadcasting systems with a rasterization into 100x100m
squares, this constitutes a total surveyed region of 746 km2.
Median values correspond to the F(50,50)1 case. All measure-
ments were taken using sophisticated measurement equipment,
including CRFS RFeye nodes [11] and car-mounted omnidi-
rectional antennas. Information on TV broadcasting sites was
collected from an Ofcom database.

1F(X,Y): X% of points within pixel in Y% of cases exceed the respective
power value.
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Fig. 1. Number of DTV channels with signal strength above -75 dBm in
study area.

The extensive measurement data we use throughout this
paper has been collected with a general purpose spectrum
analysis setup in a large, and therefore highly diverse, radio
environment. The power measurements in each of the 40
channels are subject to a number of propagation and sampling
effects, which they need to be corrected for in order to
allow the generation of comparable statistics on prediction
performance of practical geolocation database algorithms.
Most importantly, external interference and the precision of
the measurement equipment are of concern for the accuracy
of derived radio environment maps. Hence, we will shortly
discuss these issues and processing steps that are needed in
order to improve the predictions.

A. Interference from Unregistered Signal Sources

There are various reasons for interference in the UHF bands,
among them spurious emissions from diesel engines, use of
PMSE, or leakage and harmonics from other high-power trans-
mitters in adjacent channels and bands. This inevitable tainting
of measurement data, which is not limited to unoccupied
channels, but overlays signals in any measurement campaign
constraints the achievable precision for measurement data of
DTV transmitters. The extent of interference from these some-
times short-lived, and often unregistered, sources is depicted in
Figure 2, where we show the probability density function (pdf)
of eight channels that are designated “empty” according to the
DTV transmitter database. The mode of the pdf represents the
displayed average noise level (DANL) at the device. However,
apart from pure noise signals we find that in some of the
channels, e.g. channel 34 at 578 MHz, a remarkable amount of
additional interference becomes visible. A practical solution to
better discriminate against non-DVB sources is to demodulate
the signal and derive the signal strength directly from there,
but this approach requires substantial signal processing, would
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Fig. 2. Measured noise floor of channels considered ”empty” according to
geolocation database.

itself introduce new sources for measurement errors, and
is not feasible for general purpose measurement campaigns.
Here, we have to account for short-lived outliers and small-
scale fading by establishing the median signal strength as
discussed above. For constant interference sources, manual
post-processing is required, which excludes samples from
areas where, according to calculations from statistical and
empirical models, the likeliness of observing any transmission
is low. In Section V-A we will furthermore discuss how we
set a “radius of expected influence” for each DTV transmitter,
for which we to derive the propagation characteristics of the
environment.

B. Noise Limitations of Measurement Equipment

If no auxiliary decoder information is available, we can only
discount the noise power originating from ambient noise plus
the noise figure (NF) of the measurement device. Figure 2
depicts that the noise floor of the device is at approximately
-89.5 dBm, with a standard deviation of around 1.8 dB after
manual filtering of outlier samples. However, measurements of
DTV signals near the noise floor are limited in precision, be-
cause the statistics of the noise floor starts to play a dominant
role, thereby cloaking the statistics of the actual signal, in par-
ticular the shadowing from obstacles such as buildings or trees.
In Figure 3 we depict for channel 29 this effect by comparing
the local variation in signal strength with the median overall
measured signal strength. We compute the standard deviation
of noise-deducted signal strength measurements for samples
within a radius of 500 m at 3,000 test locations in the studied
region. The figure shows that the standard deviation of signal
strength is independent from the median signal strength, which
agrees with theoretical models of radio propagation [12], and
remains for a large range of values at approximately 6 dB. At
lower signal strengths, samples within the same region start
to vary significantly. This effect is not specific to the channel
we depict in the figure, but is universally traceable in our
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Fig. 3. Relationship between noise-deducted measured signal strength and
local signal strength standard deviation for channel 29.

measurement data. For low-power samples, the noise floor
statistics of the device overlay the measurements. Because
of this fundamental limitation of a real-world measurement
setup, we have decided to remove samples below the average
noise floor from the sample set. We will see in Section V-A
how this allowed us to better constrain our sampling radius
for individual transmitters. This is due to the fact that the
sample distribution at a reference distance provides for a viable
detector of low signal strength relative to the noise.

IV. PARAMETERIC AND NON-PARAMETRIC PROPAGATION
MODELS FOR SINGLE TRANSMITTERS

In this section we first introduce the mathematical notation
that we need. We then discuss shortly on geolocation database
based approaches, and continue on developing and assessing
different methods to inter- and extrapolate signal strength maps
from measurement data for the purpose of estimating the
coverage and protection requirements of the DTV system.

Using the measurement data discussed above, we test the
proposed methods for their practical performance in an exam-
ple single-tower scenario.

We start by defining S := {(si, li) : si ∈ R, li ∈ D} to
be a set of 2-tuples, where si represents the measured signal
strength (after deduction of noise) in dBm and li represents
the point within study region D at which the measurement was
taken. Building an exhaustive view of the radio propagation
would generally require to carry out extensive measurement
campaigns, which, apart from practical constraints, may not be
economically feasible. Thus, we are interested in estimating sj
for points lj ∈ D that are not in S through means of exploiting
knowledge on the radio environment and/or statistics of signal
propagation.

A. Trend-Fitted Empirical Propagation Models

Database operators may exploit knowledge on DTV trans-
mitter locations and transmission characteristics for predicting



signal strength at unvisited locations. The most fundamental
approach to this respect is to incorporate the physical prop-
erties of a signal’s power dissipation in space. For this, let
lTX and PTX be the location and transmit power of the DTV
transmitter, respectively. Then, the received power sj is a
function of lj as

sj(lj) := PTX − L0 − 10α log10 ||li, lTX||2 + εi, (1)

where L0 is an offset attenuation of the signal at a reference
distance, α is the pathloss coefficient which determines the
steepness of the curve, and ||·, ·||2 is the Euclidean norm on
the 2-dimensional space on which transmitter and receiver
locations are defined2. The radio propagation model defined
through (1) is the canonical form of many empirical propaga-
tion models, e.g. the Okumura-Hata model [13], the Walfisch-
Bertoni model [14], or the analytical form of the ITU-R P.1546
model [15]. While L0 depends on the transmission frequency,
TX and RX antenna gains, and various other environmental
parameters, α is a statistical property of the complexity of the
propagation environment [16], with values varying between
2 for free-space and 4 for highly-urbanized scenarios. The
random variable εi constitutes a local shadowing term, whose
statistics largely determine the achievable precision of the
prediction processes.

Regular empirical propagation models establish the values
for L0 and α through interpolation and extrapolation of results
from earlier extensive measurement campaigns in similar
reference scenarios. Parameter fitting of trends uses the same
principles, and finds the parameters that yield the minimum
error in the least-square sense from the complete set S as(

L̂0, α̂
)
= argmin

L0,α

∑
i

( PTX − L0 − si − . . . (2)

10α log10 ||li, lTX||2)2.

We note that the unknown shadowing term εi is not explicitly
included in the fitting process. εi is modelled as a i.i.d. zero-
mean Gaussian random variable (RV), for which least-square
fitting is the best unbiased estimator [17]. However the validity
of this assumption is a serious limitation of the approach, as
we will discuss in Section V-B.

B. Inter- and Extrapolation Methods

For real radio environments we often find a local spatial
correlation between shadowing terms ε, thus trend fitted mod-
els may yield high errors and be ill-fitted for the estimation
problem. Here, non-parametric methods are often superior.
Since the underlying spatial correlation between shadowing
terms is unknown, a straightforward approach is to apply
methods of simple linear inter- and extrapolation from sample
set S. We denote by “simple linear interpolation” methods that
use Delaunay triangulation for locations within the convex hull
of the set L := {li}, and boundary gradients for extrapolation

2We limit our discussion to 2D measurements due to limited vertical
precision of most GPS receivers, but note that the same methodology can
be easily extended to cover also higher-dimensional data sets.

methods, as they are commonly used e.g. by engineering tools
like MATLAB. Interpolation by Delaunay triangulation de-
composes L into a set of triangles, described by their vertices
{(lx, ly, lz)}, so that there is no location li ∈ L, i /∈ {x, y, z}
inside the circumcircle of any of the triangles in the set [18].
It further interpolates ŝj at lj as

ŝj = sx + λsy + µsz, (3)

λ =
l1j l

2
z−l

2
j l

2
z

l1yl
2
z−l2yl1z

, µ =
l1j l

2
y−l

2
j l

1
y

l1zl
1
y−l2zl2y

,

where l1x and l2x are the latitudinal and longitudinal direction
component of vector lx, respectively. Scattered signal strength
data is furthermore extrapolated outside the convex hull of L
by calculating the gradient at its boundary and extrapolating
from there. This method is considered more prone to error,
because it is neither constrained in space nor does it correct for
outliers at the edge of the sampling region. Thus, the errors in
signal strength data that we discussed in Section III-B, which
may originate from a low signal strength compared to the noise
floor, are more likely to result in high errors if the sampling
region is selected to be too large with respect to a transmitter’s
signal power.

C. Ordinary Kriging

The third approach for coverage estimation we consider is
ordinary kriging [19], which is the optimal linear interpolation
technique in the sense of being unbiased, and having the
smallest standard deviation or RMSE among all unbiased
linear interpolation techniques. Unlike for the simple Delaunay
linear interpolation, ordinary kriging is based on establishing
a stochastic model from the measurements for the underlying
received signal strength distribution over the study region. As
we shall also see in the following, ordinary kriging often per-
forms better than simple linear interpolation schemes, but does
have substantially higher computational complexity especially
for large data sets.

As above, we seek an estimate for the value of the re-
ceived signal strength ŝj at some location lj ∈ D for which
measurements are not directly available. For this, we model
the received signal strength as a Gaussian random field,
i.e., a stochastic process for which all the joint distributions
(s1, . . . , sk) of received signal strength values are Gaussian.
Such a process is specified through a mean function

µ(l) ≡ E {s(l)} (4)

and a measure of the correlation structure of the values of s at
nearby locations, similar to the autocorrelation function used
in signal processing applications. The traditional choice for
such a measure is the semivariogram

γ(li − lk) =
1

2
Var{s(li)− s(lk)}. (5)

Regardless of the underlying stochastic model used, the
best estimator ŝj is the conditional expectation P {sj |S} of
the received signal strength conditioned on all the available
measurements. In the special case of a Gaussian random



field model, the conditional expectation becomes a linear
function of the data, called the kriging predictor. Even if the
underlying signal strength distribution is not Gaussian, the
kriging predictor continues to be the best linear estimator for
sj .

Any linear estimator can by definition be written in the form

ŝj =
∑

i
λi(lj)si, (6)

where the summation is over the available measurements,
and λi are weights dependent on the prediction location. For
the kriging predictor, these weights depend on the spatial
correlation structure of the measured signal strength, so we
first need to establish an estimate for the semivariogram from
the measurements. The simplest estimator for γ(li) is obtained
by estimating the variance of si − sk by the method of
moments, which suffices for our purposes here. For estimators
that are more robust to outliers in the data, see [19].

The semivariogram estimate obtained this way is not yet
sufficient for our estimation problem since it might fail to
be negative-semidefinite, a property all valid semivariograms
must fulfil. Because of this, a parametric semivariogram model
is usually fitted to the estimated semivariogram. We use here
the exponential semivariogram model given by

γ(r;α1, α2) = α1

(
1− exp

(
−r
α2

))
. (7)

Here the parameter α1 is related to the variance of the signal
strength measurements, whereas α2 scales the correlation
distance of the model. These parameters can be obtained
from the estimated semivariogram through simple least squares
estimator.

Once the semivariogram model has been fitted, we can
write down the ordinary kriging estimator (see [20] for the
derivation). Denoting τik ≡ |li − lk| the weights λi can be
obtained from the matrix equation

λ1
λ2
...
λn
µ

 =


γ(τ11) . . . γ(τn1) 1
γ(τ12) . . . γ(τn2) 1

...
. . .

...
γ(τ1n) . . . γ(τnn) 1

1 . . . 1 0


−1

γ(τj1)
γ(τj2)

...
γ(τjn)

1


where the parameter µ is a Lagrange multiplier used in the
minimization of the estimator variance.

A powerful property of the kriging predictor is that in
addition to the point estimate ŝj , it yields the confidence
intervals around this estimate. These are given by the kriging
standard deviation

σ(lj) =

√∑
i
λiγ(τij) + µ. (8)

Having formal confidence can be used to estimate whether the
kriging predictor reaches desired prediction accuracy without
gathering larger data sets for additional validation. However,
it is important to note that the correctness of the confidence
intervals depends on the underlying assumption of Gaussianity.

This assumption is usually good for regions near the edge
of the coverage area, but might fail badly in regions directly
around a transmitter. Even if the confidence intervals are not
reliable in such regions, the point estimates provided by the
kriging predictor continue to be the optimal linear ones.

V. RESULTS FOR SINGLE-TOWER SCENARIOS

In this section, we assess the performance of the three
methods for generating a geolocation database on the example
of a single high-power DTV transmitter. We have selected this
scenario to highlight and compare the major advantages and
drawbacks of parametric and non-parametric estimation ap-
proaches due to the low complexity of the radio environment in
the particular example. However, we note that we have tested
these methods also for other scenarios from our measurement
data, which have yielded similar results. For our assessment,
we use signal strength samples collected on channel 29 (center
frequency 538 MHz). The main DTV transmitter for channel
29 is located on Stockland Hill near Honiton, and transmits
a multiplex with 77 dBm (50 kW) ERP. Further transmitters
on the same channel are located sufficiently far away to not
interfere in the area studied here. The omnidirectional antenna
installation height is 316 m above average terrain level and is
used to serve up to 120,000 UK households.

A. Estimation Radius

In a first processing step we have subtracted the average
noise floor power from the measurements as described in
Section III-B. This provide us signal strength estimates for
the entire study area. In order to distinguish between signals
from Stockland Hill’s tower and other, smaller transmitters,
only samples within a radius of approximately 50 km from
the transmitter were initially considered. However, preliminary
fitting of a trend curve through minimization of the errors in
this coarsely selected area following the approach defined in
(3) resulted in physically superficial estimates, which led us
to revisit this step.

In Figure 4 we show a boxplot of the signal strength values
if grouped by distance into non-overlapping bins with bin i
containing samples within distance [ri, ri + 250m) to the
transmitter. The figure clearly depicts the trend of decreasing
signal strength values over distance. Surprisingly, starting
from the 54th bin at 13.8 km from the transmitter we start
to experience a large number of samples being outliers, i.e.
samples that are larger than ζi = Q3,i + 1.5× (Q1,i −Q3,i),
where Q1,i and Q3,i are the first and third quartile of the
samples in bin i, respectively. Furthermore, from this distance
onwards the signal strength does not further deteriorate at
the same rate as previously observed. While the threshold
for defining outliers was arbitrarily chosen to correspond to
the definition of McGill et al. [21], comparing also absolute
signal strength values we found that most samples in these
bins are close to the noise floor of the measurement equipment.
The large number of positive outliers are indicative that the
statistics of the samples in these bins are dominated by the
statistics of the noise floor, and that the few “regular” signal
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Fig. 4. Selection of samples at distance to signal tower: Thresholding by
outlier detection.

strength values above the noise floor are deemed irregular to
the overall distribution within the sample set. Another iteration
of the trend fitting process in which we excluded all samples
beyond the aforementioned radius consequently resulted in
more physically sound parameter estimates, with α = 2.23
and L0 = 54.5 dB3.

B. Evaluation of Trend Fitting Performance By A Local Stan-
dard Deviation Metric

Let us follow the implications of (1) and assume perfect
estimation of the parameters and i.i.d. zero-mean distributed
{εi}. Then, εj ≡ 0 is the best unbiased estimator for each
unknown shadowing term and will result in a root-mean-square
error (RMSE) equal to the shadowing standard deviation σ for
our estimates. Since each local signal strength value originates
from a Gaussian distribution (for which the mean is following
the trend of the signal distribution), a precise trend estimation
is crucial for the predictor. This is because its achievable
performance is upper-bound by the shadowing term’s statistics.

The theoretical advantages of trend fitting build on the
foundation that the deterioration of signal strength yields a
different mean value for the each local realization of the RV
of the signal strength. A least-square minimizing estimator
necessarily provides worse performance if the implication of
Gaussianity of the underlying sample set is violated. In order
to illustrate this, we show in Figure 5 the results for a simple
simulation of the signal strength distribution in an environment
that adheres to the model of (1) with radio parameters as
above. We have collected uniformly distributed samples SR
in a circle of radius R = 1km with its center 2, 4, or 6 km

3A similar calculation for the installation using the Okumura-Hata
model [13] indicates α ≈ 2.7 and L0 ≈ 104 dB, whereby the latter parameter
does not incorporate any effects of antenna gains, polarization discrimination,
unit conversion, terrain, etc. and is thus less indicative for the assessment of
the general validity of the model.
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which is the optimum case for pure trend fitting.

from the transmit tower. Note that, if we ignore the trend of
signal strength, the estimator will assume the mean value of
local shadowing term as∑

i

si

|SR|
≈ PTX − L0 − 10α

∑
i

log10 ||li, lTX||2

|SR|
6= . . .

PTX − L0 − 10α log10 ||lj , lTX||2. (9)

For larger values of ||lj , lTX|| � ||lj , lk||, lj , lk ∈ SR,
log10 ||lj , lTX|| → log10 ||lk, lTX|| ∀ i ∈ SR, and the trend in
the sample set becomes negligible. As the example depicts, the
advantage of including trend fitting into the estimation process
diminishes at a larger distance to the transmitter. There, the
differences in the received signal strength values are dominated
by the shadowing component, whereas at lower distances (due
to the logarithm in the distance-dependent term) the respective
distance to the tower is the most significant determinant of
signal strength deviations, i.e. trend fitting is substantially
superior only for the region close to the transmitter itself.

Using the example of the Stockland Hill tower operating
on channel 29, we will now practically explore the prospects
of trend fitting in terms of reduction of the local standard
deviation. In Figure 6a we show the received signal strength
of the tower within a radius of 13.8 km, with the green
triangle denoting the tower location. We observe that the
signal strength is diminishing as expected, but that local
perculiarities such as more expressed shadowing within the
city of Honiton (which is located west of the tower) become
visible. Furthermore, measurement locations are limited to
accessible streets, i.e. the sample set size for each particular
distance is highly varying. For the Stockland Hill case, we see
e.g. that a larger area south of the tower is not captured in our
data set at all. In [17] we show that this discrepancy is highly



impacting trend estimation performance, because maximizing
the variance of distances is generally beneficial [17]. Pure
trend fitting is unable to model any of these local properties
of the radio environment, as it implies a locally homogeneous
shadowing field4.

In order to approximate the shadowing field, we have calcu-
lated the local standard deviation using the same methodology
as in our simulations above, but in order to better capture
small-scale effects we have lowered the observation radius
to 500 m. As we show in Figure 6b, the shadowing term is
localized in a similar fashion as the deviation from the signal
strength trend that we visually determined from Figure 6a,
but also previously unsuspicious regions, e.g. in the south of
the coverage area, become visible. For comparison, for i.i.d.
shadowing terms as well as for highly correlated shadowing
terms, the local standard deviation would have been flat over
the studied region. Thus we argue that local standard deviation
and is a sufficient metric for quantifying local pertubations of
the shadowing field.

As we saw from our comparison of local standard deviations
over signal strength in Section III-B, the mean standard
deviation is static over larger regions, and is thus of limited
expressiveness for evaluating the performance of a trend-fitting
algorithm in a local scenario, i.e. local standard deviation
is only a meaningful metric with respect to the applied
observation radius. For estimating the extent of “locality” of
the standard deviation in the single tower scenario, we have
recalculated the local standard deviation, this time varying the
observation radius R for each test point. We have applied
trend fitting using the least-square method described in (3), and
corrected the signal strength values for their trend. For radio
environments following (1), the residual of this adjustment
would be the shadowing term plus an error term originating
from the error in the estimation of the trend, and would be
independent of the observation radius. For 3,000 test points,
we calculate the mean and median local standard deviation
depending on the observation radius. In Figure 6d we show
the evolution of these metrics when the observation radius is
increased. Firstly, the difference between the standard devia-
tion of pure samples and trend-corrected samples is negligible
in the mean case, whereby a minimal decline in the order
of less than 0.1 dB is observed on smaller observation radii.
For larger radii, the mean standard deviation is slightly below
the original pure sampling, but remains inconclusive as to the
performance advantages of trend fitting. Larger differences in
the distribution of local standard deviation values for the two
approaches can be found when the median value of the sample
set is considered. We find that for larger observation radii,
trend correction results in larger pertubations. A first-order
interpretation of these results is that trend fitting, contrary to
its intented use, increases the complexity of the sampling set.

4We denote as shadowing field the set E = {(li, εi)} of local shadowing
terms. The shadowing field is not a physical field, but a mathematical
representation of the distribution of trend deviations over the study region. As
such, it necessarily can not be directly measured, but needs to be estimated
from large-scale measurements.
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Fig. 7. Prediction accuracy for signal strength within measurement radius
(interpolation) R = 13.8 km and outside measurement radius (extrapolation)
for Stockland Hill tower scenario.

Naturally, this assumption applies only for a homogeneously
distributed shadowing field, ceteris paribus, but is generally
a good predictor of achievable performance gains for trend-
adjusted methodologies for estimating the radio environment.

C. Results from Trend Fitting vs. Linear Interpolation

The initial assessment of trend fitting for the Stockland
Hill case in terms of its capabilities of minimizing the local
signal strength variance showed only little benefits when
compared to the pure signal sample set. However, in the
absence of measurement data for a region, e.g. if this region
is inaccessible, trend fitting may be advantageous over regular
extrapolation methods.

In order to test this assumption, we have conducted exper-
iments with a circular region surrounding the Stockland Hill
tower. The size of the region for the signal strength estimation
was selected to align with the size of the trend-fitting radius
R, for the extrapolation we have chosen a radius of 19.5 km
to yield an equal-sized area for inter- and extrapolation. From
the inner circle, 119 measurements (1% of the total sample
set) were randomly selected for linear inter- and extrapolation.
We show the cumulative distribution functions of the absolute
prediction error for various combinations of regions and esti-
mation algorithms in Figure 7. The simulation results confirm
that linear interpolation using Delaunay triangulation performs
better than trend fitting for estimation of the signal strength
within the convex hull of the sampling set, e.g. 50% of the
estimates showed an error of less than 5 dB compared to only
30% for the similar trend fitting case. Only for the bottom 1%
of cases linear interpolation performed worse, resulting in a
prediction error of more than 23 dB.

However, for extrapolation of samples, the boundary gra-
dients method exhibits significantly worse results. Prediction
errors of less than 23 dB are achieved in less than 50% of
the test points, while through trend fitting approximately 92%
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Fig. 6. Prediction of Stockland Hill tower signal strength through log-normal trend fitting.

of the samples had lower absolute errors. If we compare
the overall results of the two estimation approaches, for the
lower part of the distribution (up to 10 dB of error), linear
interpolation is superior, while for higher errors trend fitting
clearly outperforms linear inter-/extrapolation. If we use linear
interpolation for the inner region and trend fitting for the outer
region, the achievable performance is of the order of similar
trend fitting for only the interpolated points. For comparison,
we have also analyzed an alternative approach where we
combine the two algorithms, by conducting a linear interpola-
tion of the deviation from the trend. We first calculated the
trend-fitting parameters from the overall sampling set, and
in the following deducted the local estimates for the signal
strength from the actual measurement residuals. Local signal
strength estimates were then calculated by adding the linearly
interpolated value for the residual to the estimated signal
strength value from the trend. Given the local shadowing
correlation we see in Figure 6a, it was assumed that this
may yield superior results to interpolation fitting, because it
maintains the local structure of shadowing. However, as was
already indicated in the increased complexity of the local
standard deviation after trend fitting, we found that while
this approach showed better results than pure trend fitting, it
performed worse than pure linear interpolation. Furthermore,
for extrapolation of samples, no notable benefits could be
achieved over linear interpolation.

D. Kriging results

When applied just in the interior region of the Stockland
Hill case study discussed above, the performance of ordinary
kriging is similar to that of the simple Delaunay interpolation.
The median error is just slightly smaller at 4.93 dB, and
the errors in the tail of the distribution are 1–2 dB lower,
indicating an improvement over simple interpolation, but not
particularly significant one. However, the kriging results for
the extrapolation case into the outer region are significantly
better. The overall median error is just 7.5 dB, and the pre-
diction errors remain below 23 dB (median for the boundary
gradient method) for 92% of the cases, similar to the trend
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Fig. 8. Kriging predictor for received signal strength (left) evaluated for the
interior Stockland Hill region together with the estimated kriging standard
deviation (right).

fitting results. These results arise due to the highly different
extrapolation behavior exhibited by the two linear prediction
approaches. The boundary gradient method extrapolates the
trend from the boundary of the available measurements, where
errors then can diverge indefinitely over distance. For kriging,
the far away predictions converge to the mean of the available
measurements, keeping the error strongly bounded. Neverthe-
less, for smaller and non-representative measurement data sets
the extrapolation behavior of kriging cannot be guaranteed to
be very good either, so also in this case combination with
a fitted trend model should increase the robustness of the
coverage estimates.

Figure 8 shows the kriging predictor evaluated for the
interior Stockland Hill region, together with the estimated
standard deviation of the estimator. We see that the estimated
accuracy of the kriging predictor behaves in very intuitive
manner, being higher near regions in which measurements are
available (dark blue regions in the standard deviation plot),
and then decaying into values similar to the marginal standard
deviation of the available data set in regions in which no



measurements have been made.

VI. USING MEASUREMENT DATA FOR ENTIRE
GEOLOCATION DATABASES

In this section we use the data from the entire county of
Devon to compare the performance of a combination of a
generic propagation model with measurement data to the non-
parametric models of linear interpolation and ordinary kriging
that we introduced earlier. We extend the focus of the analysis
to predicting coverage of an entire DTV system composed of
several transmitters within a larger study area. Non-parametric
models can be used in the same manner as before, because they
are oblivious to the configuration and geometry of the studied
transmitter network. Trend fitting requires to limit the samples
that are used to establish the propagation parameters of each
single transmitter to the region surrounding the respective
transmitter, whereby the radius needs to be adjusted according
to the preprocessing strategy we describe in section V-A.

First test runs of regular trend fitting algorithms unfortu-
nately revealed a number of unsound parameter sets for local
transmitters. We found that trend fitting was unable to provide
sufficiently good fits for transmitters with very low transmit
powers, e.g. local repeaters covering only a small village,
because the number of samples with sufficient received signal
strength relative to the noise floor was comparably small. Here,
samples were often taken only on a single main road passing
through the village. These towers had to be discarded from
the estimation process. The resulting estimates largely deviated
from the measurements, and forced us to disregard this method
for the estimation of the larger study areas.

We note that this does not imply that trend fitting is
generally infeasible for larger study areas, but that the lack
of data in this particular data set in the close proximity
of the transmitters does not allow us to produce conclusive
results. Another issue we found in the practical configuration
of the DTV system is the use of single-frequency network
configurations, i.e. multiple towers covering a single location
broadcasting the same channel multiplexes with the purpose of
improving reception quality. Since we cannot account power
measurements directly to each tower, the proposed trend fitting
methodology does not work. In [1] we propose an extension
to trend fitting that uses more heavy-weight genetic algorithms
to cover also these scenarios, but due to length restrictions we
will not discuss them further in this paper.

A. Enhanced Terrain-Aware Propagation Modelling

For larger study areas, the inclusion of local terrain in-
formation becomes crucial for a proper establishment of
geolocation databases. For this reason, UK local regulator
Ofcom requires database operators to include information on
ground clutter into their geolocation databases, asking them
to separate between urban, sub-urban and rural environments
and to use the respective adjustments to the Okumura-Hata
model [13] for their calculation. Spectrumbridge, a provider
of geolocation database capabilities for various countries,
employs the Longley Rice ITM propagation model [22] for

their UK databases, which uses the elevation profile of the
direct path between the transmitter and a receiver in order to
adjust pathloss predictions to account for larger obstacles such
as mountains or hills. Whereas ground clutter information is
supposed to provide more accurate information for urbanized
scenarios with local transmitters, terrain modeling through
elevation profiles is often considered beneficial for making
large-scale coverage predictions for high-power transmitters.
In the following we will thus adapt the latter method.

We have used the openly available propagation modelling
application Splat! [23] and modified and parallelized it to
allow direct post-processing of prediction data in our custom
MATLAB toolchain. A current database of DTV transmitters
and their respective transmit powers is publicly available
from Ofcom, which we adjusted for this paper to best reflect
the configuration of the broadcasting network at the time of
the measurement campaign. Terrain elevation data from the
Shuttle Radio Topography Mission (SRTM) with a precision
of 3 arc-seconds (approximately 93x53 m per pixel) was used
for the path calculations.

We have analyzed two methods for enhancing ITM data
with results from the measurement campaign. The first method
adjusts all estimated signal strength values ŝj,ITM by the mean
prediction error for the used training set as

ŝ∗j,ITM = ŝj,ITM +

∑
i

ŝi,ITM − si

|S|
. (10)

The advantage of this methodology is that it corrects static
offsets in the data which may originate from inaccuracies in
the values for antenna gains, cable losses, transmit powers,
etc. The second method we propose uses linear interpolation
with Delaunay triangulation on the local prediction error for
the adjustment. Signal strength values are calculated as

ŝ∗j,ITM = ŝj,ITM + ŝx,ITM − sx . . . (11)
+λ(ŝy,ITM − sy) + µ(ŝz,ITM − sz),

with λ and µ as defined in (4). This method follows the same
approach we discuss in Section V, where we assumed corre-
lated prediction errors between local measurement samples.

VII. RESULTS FROM A LARGE STUDY REGION

We have selected channel 22 for the single-channel analysis
because it is used by only two larger transmitter installations
and four smaller repeaters. This allows us to limit the error
originating from limited sampling density for smaller instal-
lations, and provides us with sufficient means to manually
confirm the correctness of the transmitter database. The main
towers are located on Caradon Hill near Liskeard in Cornwall
(antenna height 225 m) and Stockland Hill near Honiton. They
are located sufficiently far from each other and broadcast dif-
ferent multiplexes with 80 dBm and 77 dBm ERP, respectively.
Only measurements for which the received signal strength
exceeds -85 dBm have been included in the analysis in order
to alleviate measurement inaccuracies. The remaining data set
contains 108,769 individual signal strength samples.
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Fig. 9. Performance of different signal strength estimation methods: Directly from ITM, mean-adjusted ITM, error trend fitting from ITM, direction linear
interpolation.

A. Prediction Accuracy of the (Mean-Corrected) ITM Model
vs. Linear Interpolation

In a first step, we have run our simulations with 0.1%
and 1% of the samples as training sets and compare the
results against the unmodified ITM model. Figure 9 shows
the cumulative distribution function (CDF) of the absolute
prediction error for samples not contained in the respective
training set. We have repeated the experiment 500 times with
different training sets. Vertical bars in the figure represent the
worst and best case realization of the CDF at the respective
evaluation points5.

The ITM model in its unmodified version already provides
reasonable results for sample estimation. In around 50% of
the cases, the prediction error is below 6 dB, approximately
75% of the measurements deviate by less than 10 dB from
the estimated values. For comparison, the overall standard
deviation of the measurement data is 9.68 dB. Assuming a
Gaussian distribution of the prediction error (with asymptoti-
cally correct mean prediction), only approximately 68.2% of
samples would be contained within one standard deviation
from the mean. Thus, the ITM model performs better than
a simple blind mean predictor6. Marginally better results are
achieved after applying a mean-correcting step as stated in
(10), which indicates that the ITM model correctly reflects
the transmitter/receiver setup in terms of fixed power offsets
due to antenna gains, cable losses, etc.

Linear interpolation on average results in worse estimates
compared to using ITM model data for smaller training sets.
Only in very few cases, interpolation is capable of outperform-

5In the absence of a regular ranking of the realizations of the CDFs for the
different training sets, we have to resort to this coarse measure for establishing
a representative CDF. Vertical bars must not be understood as measures of
“error” on the estimation of the CDF, because of the interdependency of
values in increasing direction of the random variable. However, we note that
all CDF realizations must consequently lie inbetween these bars. and, if non-
overlapping, are a valid graphical tool to compare the performance of different
algorithms.

6A mean predictor estimates ŝj = |S|−1
∑

i si and is the best predictor
for i.i.d. RV.

ing ITM predictions, and the offset between CDF evaluation
points, i.e. the probabilities of exhibiting an error of less
than X dB, reaches up to 5% when the mean case for the
interpolation is compared to the ITM model. However, when
the size of the training set is increased, linear interpolation
does show an improved prediction accuracy over the (mean-
corrected) ITM model, and performs better over the entire
range of values of the prediction error.

We will now look at the ITM model if the local error is
interpolated between measurement points (see (12)). For the
smaller training set, we find that local error interpolation yields
worse results compared even to the unmodified ITM model
case. This prediction method is generally outperformed by
regular linear interpolation, which confirms our findings from
the earlier single-tower case. For larger training sets, results
are mixed when compared to the ITM model, with smaller
error probabilities up to an absolute prediction error of ap-
proximately 12 dB, and worse performance beyond. In order to
find the underlying reason for this low performance, we have
calculated the empirical semivariogram of S, and compare it
to the error field described by set E = {(si − ŝj,ITM, li)}.
Figure 10 shows the semivariogram for the two fields. Variance
of samples at all ranges of distance are in fact increased
if the predicted value of the ITM model are deducted from
the measurements. While this is not a conclusive measure of
the complexity of the random field described in the data, it’s
indicative for the loss in local homogeneity originating from
the process. While this single example does not suffice to
argue that linear interpolation on the error term is generally
infeasible for large-scale predictions, this method is seemingly
less beneficial. In fact, for highly correlated prediction errors,
e.g. if localized within a single city, opposite results are to be
expected. The results presented in Figure 9 show how closely
the benefits of using interpolation methods over an empirical
model depend on the size of the available training set. In
Figure 11 we compare the distribution of the absolute error
for 500 repetitions and different sizes of the training set for
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(c) Kriging method.

Fig. 11. Channel 22 prediction of signal strength with various methods.
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Fig. 10. Semivariogram of signal strength values and ITM model prediction
error for channel 22.

the two methods. Figure 11a depicts that already very few
samples suffice to adjust the mean for minimizing the error.
With 0.35% of the samples, the mean estimator is converging
towards a stable median value for the absolute error. Linear
interpolation naturally benefits more from increasing training
sets, because the average distance between sampling points is
decreased. This improves exploitation capabilities of the local
sample correlation that was exhibited in Figure 10, and leads
to better median error figures for training sets larger than 0.3%
of the overall sample set.

Figure 11c gives the distribution of the mean prediction
error for ordinary kriging for different sizes of the sampling
data set. We see that for smallest sampling sizes kriging
achieves similar performance to the mean-adjusted ITM model
as well as the simple linear interpolation approach with larger
number of samples. Kriging can also exploit well the addi-
tional available information as the sample size is increased,
reducing the mean prediction error to under 5dB for the largest
sample sizes.

B. Results for Main Broadcasting Channels

We limit the discussion of the overall estimation results
to channels 21 to 29 (470-542 MHz), which are the main
channels used by the UK broadcasting system for larger
transmitter installations in the studied area. Channels 31 to
38 have been cleared from DTV transmitters, channels 39 to
60 are mostly used by smaller local installations, for which
only limited sample sets are available.

Using 0.5% of the samples in our respective measurement
data (between 208 and 551 samples depending on channel),
we have repeated our simulations 500 times and calculated
the mean absolute error over the different realizations of the
training set. In Table ?? we list the results for the 9 main
broadcasting channels. Mean correction for the ITM model
converges quickly and provides stable results already with
these small sample sets. Linear interpolation on average yields
similar results to the ITM with this small sample set, but we
note from the results of channel 27 that in some scenarios the
performance highly depends on the selected training set. Ordi-
nary kriging on the other hand showed superior performance
in terms of mean absolute error and prediction stability in all
channel scenarios.

VIII. CONCLUSIONS

We have presented three methods for enhancing the accu-
racy and efficiency of TVWS geolocation databases with mea-
surement data. Our analysis, which builds upon an extensive
measurement campaign covering an entire county in the UK,
shows that relatively small measurement sets of few 100 sam-
ples suffice in order to achieve similar prediction accuracy as
the current best practice of using only propagation prediction
models. However, a further discussion of results for a single-
tower scenario has revealed the challenges of fitting generic
propagation models to measurement data from broadcasting
towers, and we offer insight into necessary preprocessing steps
for using real measurement data.

Our findings are highly relevant for upcoming regulatory de-
cisions on database-driven secondary spectrum access. Safety
margins need to incorporate database prediction errors, which
we found to be severe in some cases. Yet, database operators



TABLE I
FITTING RESULTS FOR VARIOUS ESTIMATION METHODS

Scenario Overall statistics Mean-corr. ITM Lin. Interpolation Ord. Kriging

CH Frequency
[MHz]

#Towers ERP
Primary
TX
[dBm]

ERP
Secondary
TX
[dBm]

Mean
RX
power
[dBm]

σ
RX
Power
[dB]

Coverage∗
[%]

Mean
Absolute
Error
[dB]

σ†

[dB]
Mean
Absolute
Error
[dB]

σ†

[dB]
Mean
Absolute
Error
[dB]

σ†

[dB]

21 474 10 77 - -86.13 8.06 11.03 6.94 0.02 7.20 0.99 3.11 0.06
22 482 6 80 74 -79.37 9.68 27.50 6.55 0.01 6.25 0.28 4.82 0.08
23 490 6 77 - -80.89 10.38 24.86 6.02 0.02 6.17 0.61 4.56 0.10
24 498 10 77 - -80.98 8.04 17.98 6.93 0.03 7.22 1.67 4.04 0.06
25 506 8 80 74 -78.64 10.52 32.05 6.55 0.02 6.47 0.54 4.97 0.07
26 514 6 77 - -80.93 10.68 24.59 5.91 0.03 5.98 0.83 4.13 0.07
27 522 10 77 - -83.65 8.38 13.96 6.85 0.03 7.16 2.14 3.79 0.06
28 530 8 80 74 -80.72 10.37 27.04 6.54 0.02 6.26 0.34 4.79 0.07
29 538 6 77 - -81.42 10.47 23.53 5.87 0.03 5.93 1.29 4.03 0.08
† Deviation of mean absolute error over entire study area from 500 repetitions with 0.5% of sample set for training.
∗ Assuming required signal strength above -75 dBm.

may be allowed tighter bounds if they include measure-
ment data to further calibrate and enhance their predictive
capabilities. We have also shown how drive testing can be
minimized if sophisticated interpolation methods are applied to
be technically and economically viable. Our results show that
test drives and spectrum measurements can provide significant
benefits for operators and can enhance efficiency and safety
of the secondary use of spectrum. This paper offers initial
insights into the real complexity of large-area coverage maps,
and we plan to provide a more detailed purely quantitative
analysis of the data set at hand in a later publication.
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