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Abstract—In this paper, we provide a first comprehensive
comparison on the performance of two spatial estimation ap-
proaches used for propagation estimation. The first estimates
the shadowing distribution with considerably low number of
measurements and the second estimates the received power
with no information of the transmitter location. We discuss in
details the relative advantages of these techniques and study
particularly their performance when using different number of
measurement points. Our study is based on data from a very
carefully conducted large-scale measurement campaign with a
high spatial density. The robustness of our results is verified
in different propagation environments and different frequencies.
In particular, we show that for very small number of samples,
prediction based on shadowing results in better performance.
However, with small increase in the number of available mea-
surements, this more complex approach becomes unnecessary
and direct prediction of the received power yields very good
results.

I. INTRODUCTION

In the recent years the need for improved understanding of
the propagation environment has increased considerably. The
proliferation of wireless networks and the recent proposals,
such as secondary spectrum sharing schemes or small cell
networks would benefit from the ability to predict radio propa-
gation environment and its dynamics at different localities. The
knowledge of the received power is one of the key aspects not
only in the dimensioning of a wireless system but also when
trying to ensure good coverage and quality of services to the
end users.

The traditional approach for the estimation of the received
power in certain area is by the use of large scale path loss
models. In general, these require enough measurement points
to be fitted to and obtaining these of course are time and
resource consuming. Moreover, these models fail to exactly
estimate the received power and this deficiency is modeled by
shadowing and small scale fading.

An alternative approach to the received power estimation
problem is formed by a group of proposals that exploit the
spatial correlations of the shadowing (and thus of the received
power). These spatial correlations can be extracted after the
averaging out of the impact of the small scale fading on the
measurements and can be used in two different ways.

First of these operates by splitting the uncertainty of the
received power into a large scale path loss part and into a
statistical normal (in log-scale) distributed random variable
that is the shadowing. These are then used in an interpolation
scheme that predicts the shadowing value in a certain location,

not only based on the statistical characteristics of it, but also
based on the spatial correlations of it, namely kriging [1].

Second approach is to directly apply the kriging on the
received power measurements without the fit of a path loss
model beforehand. This method does not need any information
about the position of the transmitter or the number of the
transmitters.

Although existing works (see for example [2]–[4]) show that
kriging is useful and can estimate the received power with low
number of measurement points there is no particular study on
whether and when it is meaningful to add the complexity of
the extraction of the shadow field, where information of the
transmitter location is required and when the kriging can be
applied in the measured received powers.

In this paper we show how the number of measurement
locations affect the prediction error for both approaches. As
far as we are aware of, this paper is the first comprehensive
study on this matter. This is useful as one during the modeling
procedure does not need to use very conservative received-
power-estimation errors (as these are modeled from the shad-
owing) but bound the error based on the measurement-based
estimation. We also discuss which of the two methods perform
better based on the number of measurement points. More
specifically, the first method seems to have better performance
when a very low number of points are provided. As the number
of points increases the direct prediction of the received power
yields good results and both approaches start to converge.

We have repeated our analysis in two different propagation
environments, an urban and suburban one, to ensure that the
methodology and conclusions are robust. That allows direct
comparisons and a better study on the applicability of spatial
estimation technique we used. We also take into account
frequency specific dynamics by including two different fre-
quencies, namely 485 MHz and 2600 MHz, as we wanted to
study, how the used frequency band can affect the presented
results. This is important as different network deployments
rely on different frequencies that have distinct propagation
characteristics that change their transmission range and the
way they interact with the objects of the environment (i.e
diffraction, reflection, energy dissipation to name a few).
Moreover, existing kriging applications have focused on pro-
cessing measurement data from existing networks (2G/3G,
WiMax, DVB-T, etc.), so there is no control on the transmitter
characteristics limiting them not only in the area but also in
the number of frequencies and propagation environments they
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are able to study.
The rest of the paper is structured as follows. In Section II,

we provide a short description of the equipment used in the
measurements and the key issues to be addressed in such
measurement campaigns. We continue on with the report of
the analysis followed, in Section III towards the extraction of
the results that follow in Section IV. Finally we conclude in
Section V, where the main lessons learned are noted along
with outlining future work.

II. MEASUREMENT CAMPAIGN

In this section we give a concise description of our mea-
surement data and how it has been acquired. We pay particular
attention on how unbiased measurement data can be acquired.
Further details on the measurement campaign can be found in
[5].

First we provide an overview of the measurement set-up,
as the first main concern when conducting such demanding
propagation measurements is to show that the equipment used
is not creating any bias in the measurements. We confirmed
the stability of the measurement setup through an extensive
series of various indoor and outdoor tests, as well as by using a
reference receiver in line of sight (LOS) that was recording the
power of the transmitted signal. The stability of the transmitted
power is one of the most important issues for such type of
measurements as any fluctuation of the transmitted power can
be attributed falsely to the channel even if it is generated from
the equipment due to reasons such as weather, (over)heating
of the equipment, etc.

The transmitter used an Agilent E4438C ESG vector signal
generator configured to generate a continuous wave. The signal
was amplified by a class A Kuhne-Electronic KU PA BB 5030
A power amplifier and the non-linearities of the amplification
were cut off by a bandpass filter in order to protect other
wireless transmissions in other frequency bands.

Fig. 1. The mobile receiver platform used in the measurements, with the
battery, spectrum analyzer and laptop compartments visible.

The receiver (Fig. 1) comprised of a Rohde & Schwarz FSL6
spectrum analyzer and a data acquisition system that saves the
measurement data on the hard disk of a laptop.

Two SBA 9113-515 broadband omnidirectional antennae,
with about 90 o of half power beam-width centered to the
horizontal plane and isotropically radiating in the H-plane,
were used in both transmitter and receiver sides [6].

Second important issue for our measurements is the high
spatial localization accuracy needed. Typical GPS systems

offer accuracy that is not sufficient for high spatial resolution
shadow fading measurements. In order to achieve the appro-
priate localization resolution, we used Digital Orthophotos 20
(DOP 20) for the receiver localization. DOP 20 are aerial
photographs enriched with geolocation data, provided by the
Municipalities and Federal State of North-Rhine Westphalia,
Germany. They provide a position accuracy of approximately
20 cm, sufficient for our purposes.

The last issue is the acquisition of data itself. Since we are
trying to extract the shadow field in an area from the received
power, we have first to average out the impact of the multipath
effects on the received signal. This was done by measuring for
each measurement location 200 sweeps while moving within
a distance of 40λ, where λ is the wavelength of the frequency
under test. A good explanation and derivation for this rule
can be found in [7], where the averaging out of the multipath
component in a Rayleigh channel that exhibits the most severe
type of multipath fading is described.

III. ANALYSIS

In this section we describe the procedures used to analyze
the measurement data. First step is to fit a path loss model,
specifically the log-distance path loss model to our data [8].
The residuals of the fitting in every position represent the
shadowing field of the location. The next step of the spatial
statistical analysis, after the extraction of the shadow field and
the estimation of the covariance structure, is to use these so
as to predict (interpolate) the values of the field in areas and
positions not measured, i.e. kriging [1]. Kriging along with
the shadow correlations can be used in every phase of the
development of a wireless system such as the planning and
dimensioning of the network.

We complement our analysis by using the kriging so as to
estimate directly the received power in all the measurement
locations. This could be used in applications and areas that
information of the position of the transmitter is not known
or the received signal comprises from the signal of different
transmitters. A block diagram of the two analysis procedures
is given in Fig. 2.

Kriging is a prediction method used to predict the value
of a stochastic process Z(·) in a location s0 by computing a
weighted average of the measured values in neighbor location
points si, i 6= 0, as well as taking into account the covariance
structure of the stochastic process, i.e.

Ẑ(s0) =
∑
i

wiZ(si),

where Ẑ(s0) denotes the estimated value and wi the weights.
In particular, the ordinary kriging that is used in our analysis
is unbiased, i.e.

∑
i wi = 1 and tries to produce estimates

for which the error variance is minimum. More details for the
kriging can be found in [1] and [9]. For both the received
power and the shadowing, we can use the above mentioned
analysis as well the geostatistical analysis due to the fact that
they can be modeled as stochastic processes. The shadowing
is a zero mean random process and the received power is a
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Fig. 2. Block diagram of the analysis.

stochastic process with mean value the large scale path loss
component that is constant in a certain location/region.

A. Kriging the shadowing field

TABLE I
DATA POINTS AND AREA COVERED FOR EACH FREQUENCY AND

ENVIRONMENT

Area Frequency Points Area [m×m]

Urban
485MHz 923 366×408
2600MHz 923 366×408

Suburban
485MHz 474 470×432
2600MHz 954 428×365

In the first part of our analysis we investigate the impact
of the amount of data points required to reach a specific
accuracy level in the prediction of the shadowing field. In
order to do that, we use some of our measurement points
as inputs, i.e. training points and the rest as verification
points. The estimated points are compared against the real
measured values to find the estimation error. In details, first we
sample randomly a certain number of points that corresponds
to a certain percentage of the complete data-set we have
measured. These training points are used to fit the path loss
model. Then we extract the shadow field and estimate the
corresponding covariance structure that the shadow field has.
Finally the kriging at the verification points takes place (the
training points would provide only zero errors and thus they
would bias the extracted prediction errors). The difference
between the estimated field and the measured values gives the
prediction error. We repeat each estimation and calculation
for 1000 times for the same percentage of training data, but
with sampling again randomly from the whole data-set. By
this, we have enough repetitions to make sure that our results
are not biased. Next we increase the training points and we
repeat the analysis again. The results are depicted in the form
of boxplots. In the x-axis of the boxplot, different percentages
of training data, i.e. number of points used as inputs in the
analysis are being plotted. In y-axis the distribution of the
prediction errors are depicted in the form of the mean value
(black horizontal line) printed in a box, the bottom and the
top of which correspond to the first and third quartiles of
the distribution. The whiskers (error bars around the box)

correspond to the higher and lower points that are 1.5 times
the inter-quartile range away from the the outline of box.
Finally the points that are outside of this area correspond to
the outliers. The amount of training data can be calculated as:

T = percentage× total,

where T corresponds to the training data, percentage to the
percentage written in the x-axis of the boxplots and total is
the total data points in the data set that can be found in Table I
along with the area covered.

B. Kriging the received power

In the second part of our analysis we use kriging in the
prediction of the received power. In this case input is directly
given by the power measurements. The procedure is similar to
that described in III-A but without extracting the shadow field
from the measured received powers. In details, the training
points are first used to estimate the covariance structure of
the received power and then we try to predict the values of
the received power in the verification points, by using that
information. The reader should note that in this approach
we do not use the information on the distance between the
transmitter and the receiver but we rather try to see if the
prediction error without slicing the uncertainty to a large scale
path loss trend and the shadowing is lower than the shadowing.
Shadowing is a statistical way used to model the deficiency of
our models to predict accurately the received power in certain
distances and in certain environments after taking out the long
scale path losses. This allows comparison between the first and
the second approach and perhaps can shed light on how much
information is really needed for specific level of estimation
accuracy.

IV. RESULTS

A. Results from kriging the shadowing field

We start looking on the results of the analysis method
described in III-A, where the prediction errors of the estimated
shadow field are extracted. This can be a first step in under-
standing how effective kriging can be as radio environment
tool and how measurements (that consume time and resources)
can be shortened. To allow easier comparison we include
in the boxplots of Fig. 3 and 4, the marginal distribution
of the shadowing for the whole area under study (extracted
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(a) 485MHz, Suburban (b) 2600MHz, Suburban

Fig. 3. Prediction error from the shadowing in suburban environment.

(a) 485MHz, Urban (b) 2600MHz, Urban

Fig. 4. Prediction error from the shadowing in urban environment.

from the total number of measurement points). This marginal
distribution would essentially give the prediction error if only
the large-scale path loss model were used for estimating the
received power. The rest boxplots describe the prediction
errors for the cases of 5%, 20%, 40%, 60%, 80% and 90%
of the data points used as training data. As the extracted
shadowing field is modeled as a zero mean normal random
variable (in log-scale), the impact of the large scale path losses
is negligible. This is the reason that we can directly compare
the marginal distribution of Shadowing to the prediction error
and come to the conclusion that taking advantage of the spatial
structure of the shadow field has an impact on the deviation
of the predicted received power from the measured power.

In Fig. 3, we present the results of the suburban en-
vironment. The prediction error distribution improves very
rapidly as the number of measurement points increases for
both 485 MHz and 2600 MHz bands. Even the use of as
few as 5% of the total points provide better results, if the
covariance structure is taken into account. After reaching the
40% of the total points the gain of adding more points has
a small impact on the improvement of the prediction error
distribution, but has a higher impact on reducing the number
of the outliers. Comparing the two different frequency bands
in the suburban environment one can easily see that the
2600 MHz frequency converges reasonably fast but it needs
more measurement points, as the changes in the prediction
error are more distinguishable between the 40% and the higher
percentages. On the other hand the outliers of the 2600 MHz
are smaller than the 485 MHz case. This, could be the result
of the smaller number of measurements done for the 485 MHz

measurement campaign. In details, the 40% of the data points
of the 2600 MHz corresponds to 381 measurement points,
about the same amount of data-points that the 80% of the
485 MHz is, 379 and thus the rest of the boxplots cannot be
compared.

Next we present the results for the urban environment
depicted in Fig. 4. The main contrast between the two different
areas is the higher number of outliers in the prediction error of
the urban environment that can be partially explained by the
more dynamic environment (scatterers and local reflectors).
Moreover, Fig. 4b shows that in 2600 MHz there is a higher
number of outliers with higher extreme values and variance of
the prediction errors than in 485 MHz. An explanation for that
could be that the shorter waves are more prone to reflections
from objects in the environment with smaller dimensions
and the multipath component has a larger influence in the
environment dynamics.

By comparing Fig. 3a and Fig. 4a we can deduct that as
the number of points increases the urban environment has a
higher improvement of the prediction error. The same can be
deducted also for the comparison of the Figs. 3b and 4b, where
the number of the measurement points of the data-sets are
similar.

Finally, we observe that in both environments and for both
the frequency bands used, kriging is providing a prediction
error distribution that can be achieved with almost as low
as the 20% of the available data points. The outliers though
have to be explained a little bit better and this is done in
Fig. 5, where a randomly selected repetition of the predicted
distribution for the various percentages of data points used as
training points are plotted against the experimentally extracted
distribution.

B. Results from received power kriging

We will now present the results of the kriging in the received
power as it is described in III-B. The Figs. 6 and 7 include the
marginal distribution of the Shadowing as it was calculated
from the complete data-set. As in the previous subsection,
it is worth mentioning that even with 5% percent of the
points (only 23 points for the 485 MHz frequency band in the
suburban environment, 46 measurement points for both the
frequency bands in the urban environment and 47 points for
the 2600 MHz in the suburban environment), the prediction of
the received power through kriging is giving lower prediction
errors but with high extreme values and number of outliers
compared to the case that only the large-scale path loss model
were used for estimating the received power.

In Fig. 6, the prediction errors for both frequency bands
under test in the suburban environment are given. One can
see that the outliers are more and with higher values in the
case of 485 MHz in respect to the 2600 MHz. In particular,
in Fig. 6a as the percent of data points used as training data
increases above 40% there is a change in the number of the
outliers but the extreme values as well as the distribution itself
does not improve. On the contrary, in Fig. 6b all of the above
characteristics seem to improve, although marginally. This
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Fig. 5. Estimation of the shadowing distribution in suburban and urban environment.

(a) 485MHz, Suburban (b) 2600MHz, Suburban

Fig. 6. Prediction error from the received power in suburban environment.

(a) 485MHz, Urban (b) 2600MHz, Urban

Fig. 7. Prediction error from the received power in urban environment.

could be explained again from the difference in the amount of
the total points in the two measuring campaigns.

In Fig. 7 the results for the case of the urban environment
are given. In both frequency bands the extreme values of the
prediction errors and the variance of the distribution decrease
as the number of training data increases.

In Fig. 7a one can note that the distribution over the 60%
is not improving any more. The prediction error distributions
in this figure are lower than the respective for the 2600 MHz
frequency depicted in Fig. 7b, but they are more skewed in
the tails of the distribution.

C. Comparison of the two analysis methods

We conclude this section by drawing conclusions on the
presented results. There are three different approaches for the
received power estimation.

The first approach is to extract the shadowing field that
consists of the residuals of the path loss model fit, in our work
the log-distance path loss model, to the measured received
power. This first practice does not exploit the spatial corre-
lations of the shadowing. In this case, the expected received
power estimation error is theoretically expected to be higher
than in the other two approaches. This is also verified from
our findings.

The second approach is to exploit the spatial correlations
of the extracted shadow field. This is the method described in
III-A. In theory it is expected to perform better than the first
approach. This also seems to hold as it is depicted in Figs. 3
and 4.

The last method is the one described in III-B, that is using
the spatial estimation technique without extracting the long
scale path loss component from the data but rather use the
received power as input to the prediction method. In other
words, there is no need to have information about the position
of the transmitter.

The first approach should be used only when no measure-
ment information about the environment exist and can not
be acquired. In that case the wireless engineer has to use
some variance for the shadowing distribution that should be
high enough to accommodate for the environment specific
uncertainties. We have shown that even when a very small
number of measurements exist, the spatial correlations in the
radio environment should be exploited by applying one of
the two (or both) presented approaches. Of course one has
to be aware of the trade off situation when using one of
these approaches. For example, when only few number of
measurement points are available, the prediction based on
the shadowing field yields better overall results. However, the
kriging on the received power is the only approach that can
be used for applications that the position of the transmitter
is not provided or the received signal comprises from the
transmissions of two or more transmitters.
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TABLE II
VARIANCE OF THE PREDICTION ERROR FOR ALL THE ENVIRONMENTS FOR BOTH THE ANALYSIS APPROACHES

Percentage
Area Frequency Approach 5% 10% 20% 40% 60% 80% 90%

Urban
485MHz

Kriging shadow field 9.40 4.88 2.25 1.11 0.78 0.63 0.59
Kriging received power 10.03 4.78 2.14 1.04 0.74 0.61 0.58

2600MHz
Kriging shadow field 13.01 7.31 3.85 2.08 1.49 1.19 1.10

Kriging received power 14.01 7.09 3.67 2.04 1.49 1.19 1.10

Suburban
485MHz

Kriging shadow field 7.40 4.55 2.71 1.76 1.45 1.37 1.31
Kriging received power 8.54 4.63 2.65 1.71 1.43 1.31 1.31

2600MHz
Kriging shadow field 5.18 3.71 2.30 1.27 0.92 0.76 0.70

Kriging received power 4.91 3.35 2.13 1.24 0.92 0.75 0.70

The variances for all the frequency bands and environments
for both the approaches are given in Table II. It can be
seen that the differences are quite small and thus a more in
depth analysis is needed for cases with really low number
of measurement points. In general we could say that if the
outliers are not a concern then the lower complexity of using
the kriging on the received power is always a better option if
there is an adequate number of measurement points. On the
other hand though, if the outliers do have some impact on the
application, for example in a case of limiting the interference
induced by a secondary user to the primary user by limiting
the transmitted power, then our results show that the approach
described in III-A, at least for a small number of measurement
points, has some advantage.

V. CONCLUSIONS

In this paper we have studied the performance of two
different approaches of using the spatial estimation techniques
that are a powerful tool for the wireless engineer. They
can predict both the shadowing distribution and the received
power with high accuracy, thus reducing the uncertainty in the
radio environment during design and development of systems.
Moreover, we have shown that for estimating the received
power the transmitter location is not needed and that is an
important feature for secondary type of deployments where
the primary user location is not known. Of course this leads to
a trade off as for improved estimations the transmitter location
is needed.

Our work has covered two different frequencies and two
different environments so to prove the overall applicability
of the proposed schemes. We also discussed which of the
two prediction method performs better based on the number
of available measurement points. We have shown that after
a threshold of measurement points, that is still small, the
engineer can predict accurately directly from the received
power with smaller estimation errors than the ones yield
from an accurately-estimated shadowing distribution model.
Of course both spatial estimation techniques can be combined
to fulfill a specific propagation estimation task. We have also
started looking on the effects of different propagation models
as reported in [10] and we plan to show the impact of the

propagation model on the prediction. Also we will study in
details the performance dependence of each technique on
the number of required measurement points, as this can be
helpful when comes to applying those in a specific task and
application.
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