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Abstract—This study assessed, for the first time, the feasibility
of two interpolation techniques—o-kriging and co-kriging—to
estimate the environmental electric field (E-field) in vehicle-to-
everything communication at 5.9 GHz. Starting from a few E-field
values obtained in an urban area, we designed an analytical
approach based on (co-)kriging to estimate the E-field throughout
the entire area accurately. We used raytracing to obtain E-field
values used for training (12.5%) and validation. We evaluated
our approach in four different vehicular scenarios with multiple
transmitters (Txs) and obstacles (non-transmitting vehicles and
buses). Co-kriging, besides the E-field values, also used Tx-Rx
distance and vehicle density as additional inputs. The performance
of (co-)kriging, measured by Pearson correlation and residuals,
showed an accuracy of 89%–97%, depending on the number of
Txs and obstacles. This approach reduced computational time
by up to 87% compared to raytracing.

Index Terms—Co-kriging, environmental electric field (E-field),
o-kriging, spatial interpolation, urban scenario, vehicle-to-
everything (V2X).

I. INTRODUCTION

IN THE era of technological evolution, a new branch of
vehicular technologies called vehicle-to-everything (V2X)

communication technologies is spreading in our daily lives.
These innovative technologies are part of the intelligent
transport system (ITS) concept [1] and rely on sophisticated
wireless communication systems to provide more efficient,
safe, and reliable mobility for road users and optimize
traffic congestion and/or road conditions. V2X communica-
tion technologies are the backbone for the development of
smart connected vehicles, enabling bidirectional communi-
cation between vehicles and the surrounding environment,
including other vehicles [generating the so-called vehicle-
to-vehicle communication (V2V) thanks to onboard units
(OBUs)], infrastructures [vehicle-to-infrastructure communi-
cation (V2I) thanks to road-side units (RSUs)], pedestrians
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[vehicle-to-pedestrian communication (V2P)], and networks
[vehicle-to-network communication (V2N)] [2], [3]. These
technologies are based on two wireless communication pro-
tocols: the well-known IEEE 802.11p or ITS-G5 in Europe
operating at 5.9 GHz [4], and the innovative cellular-V2X
(C-V2X) based on LTE and Wi-Fi services with the expansion
toward 5G functionalities (5G-V2X) [5], [6], [7], [8], [9].

The advent of these innovative technologies can lead to
concerns among the population about involuntary exposure to
radio frequency electromagnetic fields (RF-EMFs). To assess
the exposure levels in the human body generated by V2X
technologies, it is necessary to compute the electromagnetic
(EM) fields [10]. From the literature, there exist two methods
to estimate the EM fields in vehicular scenarios: 1) through
experimental measures and 2) computational simulations [11].
Experimental measures generally have the advantage of mea-
suring EM waves in realistic situations. Among computational
simulations, instead, raytracing is one of the most common
deterministic methods employed for simulating EM field prop-
agation in vehicular connectivity scenarios (see e.g., [12], [13],
[14], and [15]). It has the main advantage of providing an
accurate estimation of the propagation of spatial and temporal
multipath components of the EM waves from each transmitter
and receiver. However, both of these two methods exhibit
relevant drawbacks. Experimental measures are very expensive
in terms of time and cost, and require a lot of implementation
effort, while deterministic methods are very CPU-intensive and
time-consuming, particularly when dealing with large vehicu-
lar scenarios. In this study, we aim to develop an analytical
approach that, starting from E-field values obtained in a few
positions of the area of interest, either from experimental
measures or computational simulations, is capable of calcu-
lating the E-field in the remaining positions of the area while
achieving computational efficiency and prediction accuracy at
the same time. Our proposed approach is based on spatial
interpolation techniques. Many spatial interpolation methods
(both deterministic and stochastic) exist for data interpolation,
such as nearest neighbor [16], spline [17], natural neighbor
[17], inverse distance weighting (IDW) [16], [18], [19], and
kriging [20]. In comparison to the other methods, IDW and
kriging methods performed the best [16], [21], [22], [23].
Kriging is widely used for evaluating environmental E-fields
because of its capability to provide, besides the estimated
values, information about uncertainty on these values [24].
In the present work, we design an analytical approach based
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TABLE I
COMPARISON WITH PREVIOUS STUDIES USING KRIGING INTERPOLATION TECHNIQUE FOR ENVIRONMENTAL E-FIELD ESTIMATION

on ordinary-kriging (o-kriging) and co-kriging for estimating
environmental E-field values in realistic V2X vehicular urban
scenarios, which include features such as roads, buildings,
cars, and buses. Table I summarizes a list of studies that
use kriging to estimate the environmental E-field generated
by different EMF sources in order to provide a comparison
with our study. As seen in Table I, previous studies applied
the kriging interpolation technique to estimate environmental
EMF in generic outdoor urban areas and indoor areas. For
example, in [25], kriging was applied to EMF for spatial
interpolation of the environmental E-field in an indoor sce-
nario, showing how kriging can be used to speed up the field
estimation process. In [26] and [27], kriging was used for
the analysis and mapping of the E-field levels measured in
an urban area, investigating the influence of sampling resolu-
tion [26] and on different microenvironments such as street,
public transport, subway, and home [27]. Also, [28] used
kriging to interpolate E-field values generated by base stations
(BSs) (for telecommunication wireless, radio, and television
broadcasting), and these data were used to build a surrogate
model for the identification of hotspots, i.e., regions where
the environmental E-field is significantly higher compared to
the average. Martı́nez-González et al. [29] designed a method
for estimating the EM environmental map in two different
indoor scenarios based on the kriging interpolation technique,
and Schießl et al. [30] used kriging to interpolate noisy
measurements of the E-field signal strength from common
smartphones. Moreover, as seen in Table I, no study has
applied the kriging interpolation technique for the estimation
of the environmental E-field generated by V2X communication
in vehicular urban exposure scenarios. As a matter of fact,
we found that in previous studies, kriging was generally
applied to highway [31] and suburban environments [32]
for the reconstruction of radio environmental maps (REMs)
(Table I).

Besides kriging, we decided to consider another technique,
i.e., the co-kriging technique, which is an extension of the
o-kriging. While o-kriging estimates the E-field values taking
into account only the primary features, i.e., the variable of
interest (which in our application is the E-field), co-kriging
has the advantage of considering, besides the primary fea-
ture, additional features (also called secondary features or

covariables), i.e., characteristics specific to the scenario inves-
tigated. In principle, covariables can be useful to improve
the accuracy of the o-kriging estimation [33]. To the best
of our knowledge, co-kriging has never been applied to
estimate RF-EMF exposure. As a result of this approach, we
are able to investigate vehicular scenarios more quickly and
easily than when only experimental measures or deterministic
methods are used. Specifically, in this study, we used raytrac-
ing implemented on Remcom Wireless InSite to obtain the
E-field values (denoted as true E-field values) generated by
V2X technologies in a real urban area of the city center of
Manhattan. As V2X communication technologies, we consid-
ered V2V and V2I communication technologies operated at
5.9 GHz [4]. To assess the performance of (co-)kriging, the
different number of transmitting vehicles, i.e., OBU antennas
(V2V) and RSU antennas (V2I), was considered. Some of
the true E-field values obtained from raytracing were used
for training the (co-)kriging algorithm, and the remaining
values were used for validating its performance. In the co-
kriging analysis, we considered as secondary features the
geometrical characteristics of the environment specific to the
vehicular scenario. Finally, the accuracy between the esti-
mated and true E-field values was assessed by computing the
Pearson correlation coefficient, and residual measures, such
as root-mean-square error (RMSE), mean error (ME), and
mean square deviation ratio (MSDR). In summary, the main
contribution of this article is that, for the first time, two spatial
interpolation techniques, i.e., o-kriging and co-kriging, were
applied for the estimation of the environmental E-field in the
specific domain of vehicular communication. In this article,
we provide.

1) An evaluation of the performance of both o-kriging and
co-kriging techniques.

2) A comparison of the accuracy of o-kriging and
co-kriging.

3) An investigation of the robustness and stability of the
co-kriging by varying the number of covariables used
(i.e., characteristics of the scenario investigated) for
estimating the E-field values.

4) A quantification of the computational time saved using
the proposed approach compared to solely using the
raytracing method.
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Fig. 1. Schematic representation of the proposed approach. Please note that the chart highlights the steps specifically used with the co-kriging technique.
Indeed, while co-kriging used both primary feature and covariables (i.e., E-field and geometrical characteristics of the scenario) for training, the o-kriging made
use only of the primary feature (E-field). In this chart, m is the refinement chosen; specifically, 1/m is the number of data used for training, and the remaining
(1 − 1/m) is the number of E-field data points used for validation (for details about the refinement, see Section II-B “primary and secondary features”).

II. MATERIALS AND METHODS

From here on, for simplicity, we refer to the environmental
E-field as just the E-field.

Fig. 1 represents the steps we followed for developing
the approach. We employed a deterministic method, i.e., the
raytracing technique, to obtain the E-field in a large area of
a 3-D vehicular scenario. The E-field obtained (defined as the
primary feature, i.e., the variable of interest) was used for
training and validating (co-)kriging. Specifically, the o-kriging
was trained considering only the E-field, while for co-kriging,
it was considered the E-field together with geometrical char-
acteristics of the environment (defined as secondary features
or covariables) specific to the 3-D vehicular scenario. The
two spatial interpolation techniques used a two-step process
for estimating the E-field values, i.e., a spatial correlation
analysis (to quantify the degree of spatial correlation of the
data through the variogram) and a spatial interpolation analysis
(for estimating the unknown E-field values based on the degree
of spatial correlation previously found). The E-field values that
were estimated by (co-)kriging were then compared to the true
E-field values that were obtained by raytracing to compute
prediction accuracy.

In Sections II-A–II-F, these steps will be explained in
detail.

A. Deterministic Method

In this section, we analyzed in detail the steps performed
in the first block, “Input dataset” in Fig. 1.

1) 3-D Vehicular Exposure Scenario: The vehicular sce-
nario was modeled considering a realistic 3-D map of the city
center of Manhattan. It comprises three road intersections of
total dimension 170 × 230 m with multiple features typical
of a real vehicular scenario, such as road terrain made of
asphalt, buildings of varying sizes made of concrete, and
different vehicles and buses. As V2X communication RF-
EMF sources, we considered OBU antennas (to perform V2V
communication) installed on vehicles (one per vehicle) and

RSU antennas (to carry out V2I communication) installed
on infrastructures such as streetlamps and traffic lights. To
account for some variability in the vehicular scenario, we
considered four exposure scenarios with different numbers and
positioning of transmitting vehicles (i.e., OBU antennas) and
RSU antennas.

Fig. 2 shows the top view of the four vehicular exposure
scenarios considered. The scenarios are listed in order of
increasing complexity.

1) Scenario A: One Tx vehicle (OBU) +1 RSU [Fig. 2(a)].
2) Scenario B: One Tx vehicle (OBU) +3 RSUs

[Fig. 2(b)].
3) Scenario C: Three Tx vehicles (OBUs) +1 RSU

[Fig. 2(c)].
4) Scenario D: Six Tx vehicles (OBUs) +1 RSU +7

non-transmitting vehicles (five cars and two buses)
[Fig. 2(d)].

All vehicles and buses are static objects (i.e., not moving).
2) Modeling of OBU and RSU Antennas and Electromag-

netic Properties of the Environment: OBU and RSU antennas
were modeled as omnidirectional antennas, i.e., half-wave
dipoles [15], [34], [35], [36], [37], [38], operating at 5.9 GHz
with a bandwidth of 10 MHz [4], [39]. Each antenna operated
with an input power of 33 dBm, i.e., the maximum allowable
power in the EU [4], with a gain of 0 dBi.

The OBU antenna was placed on the roof of the car [40],
[41] at a height of 1.7 m from the ground (one antenna per
car), while the RSU antennas were placed next to the building
façade 5 m away from the ground and tilted 10◦ toward the
ground according to 3GPP protocol [39].

The dielectric properties of the objects present in the vehic-
ular scenarios were assigned according to the ITU database
[42] and literature data [43] (Table II).

3) E-Field Computation: To assess the E-field values for
training and validating the (co-)kriging in the four realistic
vehicular exposure scenarios (Fig. 2), we used the raytracing
technique implemented on Remcom Wireless InSite [44]. The
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Fig. 2. Top view of the four different vehicular exposure scenarios investigated. (a) Scenario A has 1 transmitting vehicle (OBU) and 1 RSU. (b) In scenario
B, in addition to the EM sources of scenario A, we introduced another 2 RSUs. (c) Scenario C, in addition to scenario A, has 2 more OBUs. (d) Finally,
scenario D is the same as scenario A, with 4 more OBUs and 7 obstacles (cars and buses). The white arrows point to the vehicles that are transmitting, while
the white blocks on both sides of the roads represent the buildings. Please note that the green and red lines at the RSU are the x-axis and y-axis, respectively.

TABLE II
DIELECTRIC PROPERTIES OF THE OBJECTS PRESENT IN THE VEHICU-

LAR SCENARIO. DHS: DIELECTRIC HALF-SPACE, OLD: ONE-LAYER
DIELECTRIC, AND PEC: PERFECT ELECTRIC CONDUCTOR

raytracing technique is a deterministic method based on two
algorithms, i.e., geometric optics (GOs) and uniform theory
of diffraction (UTD), for the evaluation of physical optics

phenomena like reflection, refraction, and diffraction between
each transmitter (Tx) and the receiver (Rx). The Txs are
represented in our case by OBU and RSU antennas (previously
described in Section II-A2), while as Rx we modeled a grid of
Rxs on the xy plane of the vehicular scenario (dimension of
170×230 m) as isotropic antennas with a space distance of 3 m
between each Rx. The Rxs were placed at a height of 1.5 m
along the z-axis, i.e., the average head height of a female adult.

Among the many propagation models implemented on
Remcom Wireless InSite, we made use of the X3D model,
i.e., the recent one for the investigation of outdoor scenar-
ios, which effectively combined the shooting and bounding
rays (SBRs) method and image theory (IM) [44]. All
vehicular scenarios were simulated first without the dif-
fuse scattering (DS) phenomenon, considering only reflection,
refraction, and diffraction effects. However, considering that
Solomitckii et al. [45] demonstrated that the DS phenomenon
can significantly impact EM wave propagation in urban areas
in nonline-of-sight (NLOS), to better assess the performance
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TABLE III
COMPUTATIONAL PARAMETERS SET FOR THE RAYTRACING SIMULATIONS

of both o-kriging and co-kriging in estimating E-field values,
we also took into account the DS phenomenon in EMF prop-
agation. Because the DS is very time-consuming, we applied
it only to scenarios A and D (i.e., the simplest and the most
complex ones). Table III reports the computational parameters
used during the raytracing simulations for the evaluation
of the E-field values; all these parameters were demon-
strated to accurately predict EM wave propagation in outdoor
scenarios [44].

B. Primary and Secondary Features

As previously mentioned, o-kriging and co-kriging are
interpolation techniques used for spatial estimation, with the
main difference that, while o-kriging estimates the variable of
interest based on the spatial correlation of a single variable,
i.e., primary feature, co-kriging instead estimates data based
on the spatial correlation of multiple variables, i.e., primary
feature and secondary features (also called covariables). In
our study, we identified the primary feature as the E-field
(V/m), as it is the data that we aimed to estimate, and
as covariables the geometrical characteristics specific to the
vehicular exposure scenario investigated, which are correlated
to the E-field. More precisely, we considered the following
geometrical characteristics as covariables.

1) The Euclidean Distance Between Tx and Rx (d Tx [m]):
This feature is defined as the spatial distance between a
reference Tx and each Rx. In our vehicular scenario, the Tx is
represented by different OBU and RSU antennas [depending
on the exposure scenarios considered (Fig. 2)], while the Rx is
represented by a grid of points uniformly distributed along the
scenario (see previous Section II-A3). This covariable has a
negative correlation of −0.5 with the primary feature (E-field).

2) Vehicle Density [m]: This feature is defined as the mean
distance from each Rx to the three closest vehicles (regardless
of whether the vehicles are transmitters (Txs) or not). This
feature was considered only in scenario D (Fig. 2), where
more vehicles were presented in the scenario near each other.
This covariable has a negative correlation of −0.76 with the
E-field.

These geometrical features, together with the E-field values,
are used as covariables and primary features for training the
co-kriging in estimating E-field values (Fig. 1).

TABLE IV

COVARIABLES USED FOR CO-KRIGING ANALYSIS FOR EACH VEHICULAR
EXPOSURE SCENARIO CONSIDERED. FOR EACH VEHICULAR SCE-

NARIO, IN ADDITION TO THE COVARIABLES USED IN SCENARIO
A, WE INTRODUCED ONE AT A TIME OTHER COVARIABLES

CHOSEN SPECIFICALLY FOR THE DEGREE OF COMPLEXITY
OF THAT SCENARIO

TABLE V

LIST OF ABBREVIATIONS OF THE COVARIABLES USED WITH
THEIR CORRESPONDING DEFINITIONS

Table IV summarizes all the covariables used for each
vehicular exposure scenario during the co-kriging analysis.
Each covariable was chosen specifically for the degree of
complexity of that vehicular scenario. In scenario A with
two Txs, two corresponding covariables were used, i.e., the
distance between each Rx and the Tx vehicle (d Txvehicle1)
and RSU (d TxRSU1). The covariables of scenario A were
also considered in the other scenarios (B, C, and D), as the
Txs of scenario A were present also in the other scenarios. In
scenario B, compared to scenario A, two other RSU—RSU2
and RSU3 [Fig. 2(b)]—were introduced, and the correspond-
ing covariables of the distance between the Rx and these
two transmitting RSUs were introduced (i.e., d TxRSU2 and
d TxRSU3). In scenario C, two other Tx vehicles—Txvehicle2
and Txvehicle3 [Fig. 2(c)]—were introduced, and the corre-
sponding distances between the Rx and these two transmitting
RSUs were introduced in this case as covariables (d Txvehicle2
and d Txvehicle3). In scenario D (the most complex one), the
vehicle density was considered as an additional covariable.
For the sake of clarity, Table V reports the list of abbrevi-
ations of each covariable used, along with their corresponding
definitions.

C. Training/Validating Dataset

The primary and secondary features previously extracted
first underwent a preprocessing phase before being used
for spatial analysis. Fig. 3 illustrates in detail the steps
of the preprocessing analysis used here. Fig. 3 shows that
we first removed from each array variable (primary and
secondary features) the Rx points placed inside the buildings
(or inside vehicles and buses), as we want to compute the
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Fig. 3. Graphic representation of the preprocessing steps of the variable before being used as input for the spatial interpolation methods.

E-field distribution exclusively in the outdoor scenario. We
also performed a smoothing of the E-field, considering as
E-field value at the Rx point the mean of the surrounding
four Rxs. Furthermore, since the spatial analysis techniques
require normal distribution of the data, we express the
E-field strength with a logarithmic transformation,
log[E(V/m)]. This transformation turns the log-normal E-field
distribution into a normal distribution that is proportional
to the power density associated with the E-field. We then
removed possible outliers (defined as the points that are
not part of the normal distribution from the histogram).
Finally, all the variables were then normalized with a z-score
normalization to have a mean of zero and a variance of one by
subtracting the mean and dividing by the standard deviation
[48]. This step is necessary as kriging is an interpolation
method based on the Gaussian process. If we define the
primary feature of the E-field as Z(xi), where i = 1, 2, 3, . . . , n,
and for instance, the covariable of the Euclidean distance
between Tx and Rx as Y(xj), where j = 1, 2, . . . ,m, then, the
standardized variables are

Zstd =
Z (x) − meanZ

σz
and Ystd =

Y (x) − meanY

σY
(1)

where σ represents the standard deviation of the variable.
The variables can now be used to characterize the spatial

analysis. The part of the data from the primary feature was
selected as training data, and the rest as validation data.
The secondary features were considered only as training
data. Specifically, in all the (co-)kriging analyses, we used
a refinement of 8 for training and validation. This means
that we considered as training data 1/8th of the variable
array, specifically, each 8th element of the variable array (i.e.,
around 12.5%), and all the other remaining data were used for
validation. This way, we obtained a total of around 205 training
data and 1432 validation data, depending on the vehicular
scenario considered.

D. E-Field Prediction With Spatial Techniques (O-Kriging
and Co-Kriging)

In this study, we developed both o-kriging and co-kriging
code using the software programming RStudio [50]. In
Sections II-D1–II-D2, we describe how these two geostatistical
methods work, dividing their process into two main phases:
analysis of the spatial correlation and spatial interpolation
(Fig. 1).

1) Spatial Correlation Analysis: The spatial correlation
of the features is analyzed by calculating the experimental
variogram and its fitting with a theoretical variogram [51].
The variogram is a graphic representation of the semivariance

Fig. 4. Typical trend of the variogram highlighting range, nugget effect, and
sill [51]. For simplicity, we refer to the variogram with γ(h) even if it is
generally denoted as 2γ(h).

of the feature as a function of the lag distance, i.e., the distance
between each pair of Rx. In particular, the experimental vari-
ogram is the plot of the observed E-field values, while the the-
oretical variogram is represented by a mathematical model that
best fits all the data in the experimental variogram. While the
o-kriging calculated only the experimental variogram of the
primary features (i.e., E-field), the co-kriging developed an
experimental variogram for each covariable considered. The
equations for computing the experimental variogram by o-
kriging and co-kriging are reported in Appendix A [see A1
(for o-kriging), and A2 and A3 (for co-kriging)]. The general
behavior of the variogram is shown in Fig. 4. The variogram
increases as the lag distance h (i.e., the distance between
each pair of Rx) increases (according to A1, Appendix A).
Indeed, when h = 0 the variance is zero and the spatial
correlation is at its maximum as there is no difference between
points that are compared with themselves. As h increases,
the variance increases; and in turn, the spatial correlation
decreases, because we are comparing points ever farther away,
and it is unluckily that they are similar. After a certain lag
distance h, called range, the variogram reaches a plateau,
called sill, which represents the maximum amplitude of the
variance (Fig. 4). This means that the range represents the
maximum lag distance (h), after which there is no more
correlation. Theoretically, for h = 0, the variogram should be
zero. However, for h = 0, experimental variograms are always
different from zero, giving rise to the nugget effect that could
be caused by a possible physical phenomenon at a smaller
scale or by some experimental or sampling error [24]. After
obtaining the experimental variogram model, it is necessary to
choose a mathematical model (that represents the theoretical
variogram) to estimate the range, sill, and nugget effect. Gen-
erally, the commonly used theoretical models are the spherical
model, Gaussian model, and exponential model. Depend-
ing on the vehicular scenario under investigation (Fig. 2),
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we selected different theoretical models that best fit the
corresponding experimental variogram obtained, i.e., we made
use of the spherical and Gaussian models across the four
different exposure scenarios.

The co-kriging, in addition to the variogram of the primary
and secondary features [Appendix A (A2 and A3)], also calcu-
lated the cross-variogram (A4) through which it was possible
to obtain the spatial relation between the multiple features
(i.e., primary and secondary features). To model the three
variograms of the co-kriging (two variograms and the cross-
variogram) at the same time and ensure that the corresponding
covariables are positive definite, the pseudo-cross-variogram
was implemented, and the linear model of coregionalization
(LMC) was used [52].

2) Spatial Interpolation Analysis: Both o-kriging and co-
kriging performed an interpolation analysis based on the
spatial correlation previously investigated through the vari-
ogram and cross-variogram to estimate the E-field values. In
the o-kriging, the estimated data are expressed as a weighted
linear combination of sample values, where the weights are
determined based on the variogram model by minimizing
the estimated variance. The co-kriging is based on the same
rational as the o-kriging, but instead of providing weight
coefficients only for the primary feature, it provides weight
coefficients for each covariable considered. For details about
the computation of the o-kriging and co-kriging weight coef-
ficients used to estimate the unknown E-field values, see
Appendix A (A5–A12).

E. Accuracy of E-Field Predicted

To assess the accuracy of the estimated E-field values by
(co-)kriging, we calculated the Pearson correlation coefficient
through linear regression and residual measures as follows.

1) PearPearson correlation coefficient (ρ) between the true
E-field values (obtained from raytracing) and the esti-
mated ones.

2) RMSE [V/m] of the residual is defined as the root mean
square of the difference between the estimated E-field
values and the true ones

RMS E =

vuut 1
N

NX
i=1

�
Epredict − Evalidation

�2 [V/m] .

We also computed the RMSE relative to the maximum
E-field value obtained (rRMSE)

rRMS E =
RMS E

Emax
· 100.

3) MSDR of the Residuals: This parameter provides detail
about the spread/variability of the estimated E-field val-
ues compared to the variability of the true E-field values;
it can be lower or higher than 1, where 1 indicates that
the variability of the estimated E-field values perfectly
matches the variability of the true data. It is expressed
as

MS DR = 1 −
1
N

PN
i=1

�
Epredict − Evalidation

�2

variance (Evalidation)
.

Fig. 5. Key aspects of the practical implementations of our approach.

4) ME [V/m] of the Residuals: This parameter represents
the sum of the residuals divided by the number of
elements in the array

ME =
1
N

NX
i=1

�
Epredict − Evalidation

�
[V/m] .

F. Practical Implementation

Fig. 5 summarizes the key aspects of the practical imple-
mentations of our proposed method, such as how to build the
input dataset, the training/validation dataset, and the use of
(co-)kriging to estimate E-field values.

III. RESULTS

In Section III-A, we first present the results of co-kriging
when two covariables were used. This analysis allows a
comparison of the results between o-kriging and co-kriging
and an assessment of how co-kriging performed varying the
complexity of the vehicular scenario with fixed covariables. In
Section III-B, the investigation of co-kriging was expanded by
increasing the number of covariables chosen (Table IV). This
analysis aims to validate the robustness and stability of the co-
kriging technique to determine whether the different number
of covariables has a positive, negative, or neutral impact on
the quality of the data estimation. Finally, in Section III-C,
a comparison of o-kriging and co-kriging was conducted,
taking into account not only the “classic” ray propagation
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Fig. 6. (a) Distribution of the estimated log[E(V/m)] values obtained with both
o-kriging and (b) co-kriging in scenario D. The white points are the training
data and some white points are the ones removed from the analysis as they
were inside buses/vehicles. (c) Difference ∆ = logEco-kriging–logEo-kriging in
the estimated logE between co-kriging (b) and o-kriging (a).

effects (reflection, refraction, and diffraction) in vehicular EM
propagation, but also the DS effect.

A. Comparison Between O-Kriging and Co-Kriging With
Two Covariables

Fig. 6(a) and (b) shows an example of the estimated
log[E(V/m)] distribution obtained by o-kriging [Fig. 6(a)]
and co-kriging [Fig. 6(b)] in the most complex scenario
D. Fig. 6(c) shows the corresponding difference ∆ =

logEco−kriging–logEo−kriging between the estimated E-field val-
ues obtained with co-kriging and o-kriging. Fig. 6(c) shows

TABLE VI

RESIDUAL MEASURES COMPUTED FOR BOTH O-KRIGING AND CO-
KRIGING AS A FUNCTION OF THE VEHICULAR EXPOSURE SCENAR-

IOS. THE RESULTS REPORTED HERE FOR CO-KRIGING WERE
OBTAINED CONSIDERING TWO COVARIABLES (TABLE IV,

FIRST ROW)

that in most of the regions of the analyzed urban area,
the differences between the two interpolation techniques are
close to zero, with few regions where the predictions are
slightly different; these regions are always placed at the
boundaries of the scenario with co-kriging values slightly
greater than o-kriging. The maximum difference found in
the specific scenario was 0.38 V/m. Fig. 7 shows the linear
regression between the estimated log[E(V/m)] values and the
true log[E(V/m)] values for all the scenarios investigated for
both o-kriging and co-kriging analysis. For each scenario,
the Pearson correlation coefficient was the same for both
o-kriging and co-kriging, revealing almost negligible differ-
ences between the two interpolation methods. Table VI lists the
residual measures of the log[E(V/m)] values estimated along
the grid of Rx in all the vehicular scenarios investigated in the
present study. In all the vehicular scenarios (Table VI), both
o-kriging and co-kriging estimated the E-field values with
high Pearson correlation coefficients and very low residuals.
More specifically, for both o-kriging and co-kriging, the
Pearson correlation coefficients ranged from 0.89 to 0.97
among the vehicular exposure scenarios, with the highest ρ
found in the simplest scenario (scenario A with 2 Txs) and
the lowest one in the most complex scenario (scenario D
with 7 Txs and many obstacles), as expected. The RMSE
followed the same behavior, with its lowest value of 0.28/0.23
V/m in the simplest scenario A and the highest one of
0.45/0.47 V/m in the most complex scenario D. The rRMSE of
o-kriging and co-kriging, across the different scenarios, are
almost similar, with a mean of 15% in o-kriging and 13.5%
in co-kriging.
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Fig. 7. Linear regression analysis for E-field obtained with o-kriging (top) and co-kriging (bottom) in all the scenarios investigated. The logE values are
standardized with z-score normalization.

Fig. 8. Example of the prediction variance (V/m)2 obtained with o-kriging
(left) and co-kriging (right) in scenario D.

Generally, the ME of the residuals was almost zero in all
the scenarios, and the MSDR of the estimations compared to
the true values was generally lower than 1, meaning that the
estimations made by (co-)kriging are less variable than the
true values. However, this is to be expected, as kriging is a
smoothing estimator. It is interesting to note that, even if the
accuracy slightly decreases as the complexity of the vehicular
exposure scenario increased, the rRMSE values between the
complex (scenario D) and the simple scenarios (scenario A)
were fairly constant both in o-kriging (13% versus 15.4%)
and co-kriging (13.8% versus 12.6%). This suggests that
both o-kriging and co-kriging provide a good estimation of
the E-field even in complex vehicular scenarios. Despite co-
kriging making use of covariables to “theoretically” improve
prediction accuracy, in practice, as shown in Table VI, the
quality of the prediction of co-kriging was similar to that of
o-kriging (with slightly better performance in co-kriging).

To delve into the analysis of the comparison between
o-kriging and co-kriging techniques, we analyzed the pre-
diction errors [also called prediction variance or kriging
variance, see Appendix B (A7)], which define the quality of
the interpolation analysis by computing the local estimation
error. Fig. 8 shows an example of the prediction variance
for o-kriging (Fig. 8 left) and co-kriging (Fig. 8 right) in

scenario D. As seen in Fig. 8, o-kriging had higher prediction
variance compared to co-kriging, i.e., on average +28% than
co-kriging. The prediction variance was generally lower (in
the order of 0.2 V2/m2) close to the points used for training
(the white points in Fig. 6) and increased up to +15% with
distance from these points. In both o-kriging and co-kriging,
the corresponding prediction variance values higher than the
99th percentile are placed at the edge of the scenario, more
precisely in the corners of the streets. Fig. 9 represents
the boxplot distribution of the prediction variances obtained
with both techniques in all the different vehicular exposure
scenarios investigated. The prediction variances obtained with
co-kriging were on average from 2 to 15 times lower than
those obtained with o-kriging in all the scenarios. This is
because co-kriging considers additional information provided
by covariables, increasing the confidence in the prediction and
reducing the prediction variance. The higher prediction vari-
ance in o-kriging is reflected in its slightly lower accuracy in
predicting E-field exposure compared to co-kriging (Table VI).
However, we state again that the difference between the results
from both methods is very small.

B. Co-Kriging Analysis With More Than Two Covariables

In this section, we investigate the robustness and stability
of the co-kriging interpolation technique when more than two
covariables are used. Table VII shows the Pearson correlation
and residual measures when more than two covariables in the
co-kriging analysis were considered. Specifically, we intro-
duced the covariables previously shown in Table IV (see also
Table V for definitions of the covariables). From Table VII, it
is evident that an increased number of covariables in the co-
kriging analysis did not improve the accuracy in estimating
E-field values. Generally, the introduction of other covariables
in addition to those used in scenario A brought only a marginal
improvement in the correlation of 0.03%. Increasing the num-
ber of covariables resulted in a decrease in the prediction
variance values. Therefore, while adding more covariables
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Fig. 9. Boxplot of the prediction variance (V/m)2 of o-kriging and co-kriging in each exposure scenario. The upper and lower whiskers represent the maximum
and minimum of the predicted variance, respectively; the bottom and top edges of the box are the 25th and 75th percentiles, respectively, and the red mark
line in the center of the box indicates the median.

TABLE VII

RESIDUALS OBTAINED WITH CO-KRIGING IN SCENARIOS B, C, AND D WHEN MORE THAN TWO COVARIABLES
WERE USED. THE COVARIABLES WERE ALREADY DESCRIBED IN TABLES IV AND V

reduced prediction variance, it did not significantly enhance
the prediction accuracy. This means that for the analyzed
vehicular exposure scenarios, two covariables (defined as the
distance between the Tx vehicle/RSU and the Rx), were
enough to estimate E-field values with high accuracy.

C. DS Effect

In this section, we demonstrate the validity of these two
spatial techniques when DS is applied for the estimation of
E-field values in vehicular scenarios. From literature, the DS
effect can significantly impact EM wave propagation in urban
areas, where buildings and obstacles cause multiple scattering
paths in NLOS conditions, especially at high frequencies [45].
For this reason, it is necessary to consider the scattering
multipaths component when computing the E-field values.
However, simulating the DS rays in deterministic methods
exponentially increases the computational time. In addition,
the spatial analysis of (co-)kriging can be more complicated
due to the presence of these multiple paths. Hence, assessing

the performance of (co-)kriging in estimating the E-field values
with the DS effect has a relevant impact both in terms of
validating the two spatial techniques and saving computational
time.

D. Prediction Accuracy Considering DS Effect: O-Kriging
and Co-Kriging With Two Covariables

Table VIII shows the measures of prediction accuracy of o-
kriging and co-kriging considering the DS effect. For the sake
of clarity, in Table VIII, we reported, besides the accuracy
obtained considering the DS effect, also those obtained without
DS, as already shown in Table VI. To limit computational time,
when considering the effect of DS, we evaluated the prediction
accuracy in scenarios A and D, i.e., the simplest and the most
complex ones, respectively. Co-kriging was performed using
the same two covariables of scenario A (Table IV, first row).
From Table VIII, it is seen that the accuracy of o-kriging
and co-kriging is also high when DS was considered, with no
relevant difference when DS was not applied (Table VI). Only
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TABLE VIII

RESIDUAL MEASURES OF O-KRIGING AND CO-KRIGING IN SCENARIOS A AND D WHEN THE DS EFFECT WAS APPLIED FOR THE ESTIMATION
OF E-FIELD VALUES IN RAYTRACING SIMULATIONS. THE RESULTS REPORTED HERE FOR CO-KRIGING ANALYSIS WERE

OBTAINED CONSIDERING TWO COVARIABLES (TABLE IV, FIRST ROW). FOR THE SAKE OF CLARITY, WE ALSO
REPORTED THE RESIDUAL MEASURES OBTAINED WITHOUT DS FROM TABLE VI

Fig. 10. Boxplot of the prediction variance distribution in scenario D with o-
kriging and co-kriging when the DS was considered. For the sake of clarity, we
also reported the boxplot obtained without DS, as already shown in Fig. 9. The
upper and lower whiskers represent the maximum and minimum, respectively;
the bottom and top edges of the box are the 25th and 75th percentiles,
respectively, and the red line in the center of the box indicates the median.

for co-kriging in scenario D, the performance with DS slightly
decreased compared to the co-kriging simulation without DS
(Table VI). Indeed, ρ decreased from 0.89 to 0.86, the rRMSE
and ME increased, and the MSDR decreased, meaning that
the estimated data are less variable than what they should
be. Fig. 10 shows the comparison between the prediction
variance obtained with o-kriging and co-kriging in scenario
D, which is the one that shows more differences between o-
kriging and co-kriging when DS was considered. As seen in
Fig. 10, differently from the case without DS, where co-kriging
had lower prediction variance, here, with the DS effect, the
prediction variance is on average slightly higher in co-kriging
than in o-kriging [except for the maximum value (Fig. 10)].
This resulted in lower accuracy of the co-kriging when the DS
is considered compared to o-kriging.

E. Co-Kriging Analysis With More Covariables

In this section, we analyze the prediction accuracy and the
robustness of co-kriging in estimating E-field values when

considering the DS effect and when using three covariables
(see Table IV, scenario D) instead of only two for scenario D.

We found that the Pearson correlation coefficient was 0.88,
RMSE was 0.47 V/m, rRMSE was 13%, ME was −0.02 V/m,
and MSDR was 0.77. From these results, we can see that the
accuracy of co-kriging slightly improved because of the use
of three instead of two covariables. The introduction of the
third covariable decreased the prediction variance, resulting
in this case in an increase in the performance of the co-
kriging, with a Pearson correlation coefficient higher [from
0.86 (Table VIII) to 0.88] and lower residual measures. This
means that when we use the co-kriging spatial interpolation
technique for estimating E-field values by considering also
the DS effect, more than two covariables are useful to obtain
a more accurate result. However, the co-kriging still does not
perform better than the o-kriging.

IV. DISCUSSION

This study aimed to design and validate an interpolation
approach for the estimation of E-field values in realistic V2X
vehicular communication scenarios that comprise buildings,
roads, vehicles, and buses. More specifically, we estimated
the E-field values in all the positions of an area of interest by
means of interpolation techniques (o-kriging and co-kriging)
by starting from E-field values obtained at a few positions
in the area. In this study, we used a raytracing deterministic
method to obtain the E-field values in the area of interest.
Part of these values were used for training; the remaining for
validating the proposed approach. This is the first study where
o-kriging and co-kriging were applied to estimate E-field val-
ues generated by V2X vehicular communication technologies
in a generic urban setting. While o-kriging has been previously
applied to estimate E-field values in generic urban (e.g.,
[28]) or indoor (e.g., [29]) scenarios, it has never been used
specifically for E-field estimation in V2X communication. To
the best of our knowledge, co-kriging has never been applied
to estimate E-field values in an urban setting, either from
generic wireless communication or specifically from vehicular
communication.
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TABLE IX
COMPARISON OF OUR METHOD WITH TRADITIONAL RAYTRACING TECHNIQUE AND EMPIRICAL

MODELS TO COMPUTE EMF PROPAGATION IN VEHICULAR SCENARIOS

In the present study, the proposed approach was applied
to different exposure scenarios of increasing complexity with
increasing numbers of Tx and obstacles like cars and buses.

We compared o-kriging and co-kriging accuracy and tested
the robustness of the co-kriging analysis by varying the
number of covariables. As a general remark, we found that
both o-kriging and co-kriging provide accurate estimates of
the environmental E-field. With the proposed approach, we
could estimate the E-field in the analyzed urban area using
only 1/8th of the total E-field samples of the area; this way,
we could save up to 87% of the computational time required
to run raytracing simulations on all the points of the area.

Both o-kriging and co-kriging provide high accuracy in
estimating E-field values in the analyzed vehicular exposure
scenarios. The correlation between estimated and true E-
field values was consistently high across different vehicular
scenarios, ranging from 89% in the most complex scenario
to 96%–97% in the simplest vehicular scenario. The RMSE
relative to the maximum was generally low, ranging from
13% to 16.2% with o-kriging and 12.6%–14.2% with co-
kriging; the RMSE follows the same trend as the relative
RMSE, showing low values. The MEs of the residuals were
very low, on the order of 10−2–10−3 V/m, and the MSDR
was always below 1. It is interesting to note that, even
when increasing the complexity of the vehicular exposure
scenario—i.e., by considering multiple transmitting vehicles,
RSUs, and many obstacles (cars and buses)—the performance
remained generally high. Despite co-kriging using covariables
to “theoretically” improve prediction compared to o-kriging,
in practice, we did not find relevant differences in terms of
accuracy and residual measures between o-kriging and co-
kriging in the analyzed exposure scenarios. Thus, these results
seem to suggest that at least for vehicular exposure scenarios
involving V2X sources, such as vehicles and road infrastruc-
tures, o-kriging and co-kriging provide almost similar results.
This means that we can estimate E-field values by just using
o-kriging (the simplest approach between the two), which has
an accuracy between 89% and 96%. We found that the use of
additional covariables in co-kriging had almost no impact on
the prediction accuracy.

Thanks to its high accuracy and low computational time
and cost, with our approach, it is possible to overcome
the main limitations of solely using raytracing or empirical
models. Table IX compares the advantages and disadvantages
of approaches based on raytracing and empirical modeling

with our approach for applications in vehicular communication
exposure scenarios.

The performance of these two spatial interpolation tech-
niques was also tested in the case in which the contribution of
the DS effect was considered. It is known from the literature
that the DS effect has a relevant contribution to the E-field
generated in urban areas, where the presence of rough surfaces
(in buildings, roads, and pavement) can significantly impact
EM wave propagation in NLOS regions [45]. We found that
(co-)kriging reliably estimated E-field values even when the
scattering effect of rays is taken into account. Generally, we
did not find differences in terms of correlation and resid-
ual between the estimated E-field values and the true ones,
compared to when DS was not applied. Only co-kriging with
two covariables, in the most complex scenario D, showed a
slight decrease in accuracy with higher residuals. In this case,
co-kriging has more difficulties in estimating the additional
scattering rays than o-kriging. Nevertheless, the introduction
of a third covariable in the co-kriging analysis with DS slightly
improved the accuracy (from 86% to 88%).

O-kriging has not previously been applied to estimate EMF
generated by V2X communication technologies in vehicular
scenarios. Thus, it is not possible to make a direct comparison
between our study and the previous ones. Nevertheless, it
might be interesting to make a quantitative comparison of
the accuracy of o-kriging obtained in this study with that
from other studies where o-kriging has been used to estimate
EMF generated by other wireless technologies, such as Wi-
Fi [25], [29], BS for communication, radio, and television
[21], [26], [28], [57]. For a better comprehension, Table X
illustrates a comparison between our results and those from
other studies mentioned above. Specifically, in [21], kriging
was used to map the E-field in an outdoor urban area in
Caracas, while in Aerts et al. [28], kriging was used to generate
maps of the RF-EMF exposure in an extensive urban area
of Ghent. Azpurua and Ramos [21] and Aerts et al. [28]
collected the environmental E-field values used for training the
o-kriging with experimental measures. For a comparison with
our results, we related the mean absolute error (MAE) and the
mean square error (MSE) found by [21] (i.e., 0.74 and 0.73
V/m, respectively), to their maximum E-field value (i.e., 2.65
V/m), obtaining a relative MAE of 28% and a relative MSE of
27.5%. We obtained a lower relative MAE, i.e., ranging from
10% to 12%, and a lower relative MSE, i.e., between 4.4%
and 6.3%. Similarly, Aerts et al. [28] obtained a correlation
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TABLE X
COMPARISON BETWEEN OUR APPROACH WITH PREVIOUS ONES BASED ON O-KRIGING AND CO-KRIGING

of 0.73, which is lower than what we obtained, even in our
most complex vehicular scenario, i.e., 0.89. The differences
from our results compared to those of [21] and [28] could be
attributed to the characteristics of the scenarios, such as the
dimension of the scenario, and the relative position between
the Tx and Rx. Indeed, in our study, we investigated an area
of 0.039 km2, which is smaller compared to the larger dense
urban area of 2.64 km2 investigated in [21] and 1 km2 of
[28]. In a smaller area, the propagation paths interact less
with the environment, resulting in E-field values that change
more gradually and exhibit lower variability compared to those
generated in larger and denser areas. In addition, in [21] and
[28], the Tx was a rooftop-mounted BS. Consequently, most of
the Rxs (located at a height of 1.5 m) are in NLOS conditions,
which means that a high number of interactions between the
propagation paths and the environment are needed to reach the
Rx. On the contrary, in our study, OBU and RSU antennas
are placed at a height (1.7 and 5 m, respectively) similar
to that of the Rx (1.5 m), which means that most of the
Rxs were in a line-of-sight (LOS) condition. Therefore, being
in LOS, less interactions occur, and the path loss would be
proportional only to the distance between the Tx and the Rx.
These factors highly influence the distribution of the E-field in
the environment, generating E-field values with more variables
in [21] and [28] than in our case. As a consequence, the o-
kriging technique estimates with less accuracy E-fields that
rapidly change in space (as happened in [21] and [28]).

Martı́nez-González et al. [29] used o-kriging interpolation
to generate an indoor exposure map for the E-field generated
by three Wi-Fi routers at 2.45 GHz. The E-field values used for
training and validating the kriging techniques were collected
with experimental measures. The RMSE and MAE relative
to the maximum E-field were found to be 4.2% and 3.9%,
respectively. These errors were significantly lower than those
obtained in our study, i.e., relative RMSE of 13%–16.2%
and relative MAE of 10%–12% across the different scenarios,
meaning that o-kriging in [29] performed with more accu-
racy than in our case. These results were expected, as the
indoor scenario investigated by [29] was simpler in terms of
propagation compared to the vehicular urban scenarios here
considered. Indeed, the smaller number of Tx considered and
the smaller dimension of the indoor scenario (0.9×10−3 km2)
with respect to our (0.039 km2) generates lower variability
of the E-field distribution than in our case. Thus, o-kriging
performed better in [29] than in our study.

V. CONCLUSION

In this study, we designed an analytical approach based
on o-kriging and co-kriging spatial interpolation techniques
to estimate the E-field values generated in realistic V2X
vehicular urban scenarios by V2V and V2I communication
technologies operated at 5.9 GHz. This approach allowed us
to obtain E-field values in the analyzed urban area with high
accuracy and low computational effort, thus overcoming the
main disadvantages of experimental measures (such as time,
cost, and implementation effort) and deterministic methods
(such as memory and time consumption). Specifically, the
proposed approach allows us to reduce computational time by
up to 87%. Both o-kriging and co-kriging provide very good
accuracy in estimating E-field values in vehicular scenarios,
reaching an accuracy of 97% in the simplest scenario and
89% in the most complex scenario; the errors were generally
low. We found that the accuracy of the co-kriging analysis did
not improve with an increase in the number of covariables.
Finally, we obtained good accuracy also when considering the
contribution of the DS effect to the total E-field.

This analytical approach can be employed, as the next step,
to develop large datasets for training artificial neural networks
(ANNs).

APPENDIX A
SPATIAL CORRELATION ANALYSIS

The following are the equations to perform the spatial
correlation analysis in o-kriging and co-kriging approaches.
In o-kriging, the spatial correlation analysis is obtained by
calculating the experimental variogram γ∗(h) through the
following equation [51]:

γ∗ (h) =
1

2N (h)

N(h)X
i=1

[Z (xi) − Z (xi + h)]2 (A1)

where Z represents the primary feature of the E-field values; h
is the lag distance (i.e., the distance between each pair of Rx);
N(h) is the number of Rx pairs separated by lag distance h;
and Z(xi) and Z(xi+ h) are the values of the E-field at a spatial
location xi and xi+ h, respectively. For simplicity, we refer to
the term variogram with γ(h) even if it is generally denoted
as 2γ(h). In co-kriging, instead, it is necessary to calculate
an experimental variogram for each covariable considered.
For instance, when considering only one covariable [i.e., the
distance between Tx-Rx denoted as Y(xi)] in addition to the
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primary feature [E-field, Z(Xi)], the experimental variogram
functions are defined by these equations

γ∗ZZ (h) =
1

2N (h)

N(h)X
i=1

[Z (xi) − Z (xi + h)]2 (A2)

γ∗YY (h) =
1

2N (h)

N(h)X
i=1

[Y (xi) − Y (xi + h)]2 . (A3)

The variogram was estimated under the assumption of second-
order stationarity, i.e., the mean and covariance of Z(x) are
stationary in time. Furthermore, the co-kriging, in addition
to the variograms (A2) and (A3), also calculated the cross-
covariance [from the variograms (A2) and (A3)] and used
it to derive the cross-variogram as a function of the lag
distance h. This was possible because, under the assumption of
second-order stationarity, the cross-covariance and the cross-
variogram are related by the formula: γZY(h) = CZY(0)–CZY(h)
[24]. With the cross-variogram, it was possible to obtain the
spatial relation between the multiple features (primary and
secondary features). The equation of the cross-variogram is

γ∗ZY (h) =
1

2N (h)

N(h)X
i=1

[Z (xi) − Z (xi+h)] [Y (xi) − Y (xi+h)].

(A4)

APPENDIX B
SPATIAL INTERPOLATION ANALYSIS

In this section, we reported the equations for the estimation
of the unknown E-field values. In o-kriging, the unknown
values are weighted over a linear combination of sample values
where the weights are determined from the variogram by
minimizing the variance of the estimated values.

Being Z*(x0) the estimated value of the unknown E-field
at the position x0, Z*(x0) is calculated with the formula as
follows:

Z∗ (xo) =

nX
i=1

λiZ (xi) (A5)

meaning that Z∗(x0) at the position x0 is estimated by the
weighted sum of the known n-point sampling values. In (A5),
Z(xi) is the E-field value at the spatial point xi, n is the number
of samples inside the range of influence of the variogram, and
λi (with i = 1, 2, . . . , n) is the o-kriging weight coefficient to be
determined. As a clarification, we revisit here the meaning of
range, i.e., the maximum lag distance (h) within which there is
a correlation between each pair of Rx. Imposing the estimation
to be unbiased and assuming the second-order stationarity
condition, the following requirement must be satisfied:

nX
i=1

λi = 1. (A6)

To determine the weight coefficients in (A5) by minimizing
the estimate variation [53], o-kriging computes the estimated
variance to have the lowest estimation error variance possible
at x0

σ2
E (x0) = Var

�
Z∗ (x0) − Z (xo)

�
. (A7)

By minimizing (A7), with the constraint of unbiased (A6)
introduced by an additional Lagrange parameter µ, the kriging
equation for computing λi and µ coefficients is obtained [54],
[55], [56]

nX
i=1

λi · γ
�
xi, x j

�
+ µ = γ (x0, xi) , j = 1, 2, 3, . . . , n (A8)

where γ is the theoretical variogram fit to the previously
defined (A1) in Appendix A. By solving (A8), it is possible
to obtain the weight coefficients λi and use them in (A5) to
calculate the estimated E-field values in the unknown sample
points [Z∗(x0)]. The co-kriging estimator, instead, differently
from o-kriging (A5), is written as

Z∗ (xo) =

nX
i=1

λiZ (xi) +
mX

j=1

λ′jY
�
x j
�

(A9)

where λi and λ′j are the co-kriging weight coefficients for the
primary feature and the secondary feature, respectively; and n
and m are the number of samples inside the ranges of the vari-
ogram for the primary and secondary features, respectively. To
get an estimation that is unbiased, the following requirements
must be respected:

nX
i=1

λi +

mX
j=1

λ′j = 1. (A10)

This constraint (A10) brings the introduction of only one
Lagrange parameter µ, developing this system of equations
for computing the co-kriging weight coefficients (λi and λ j)

nX
i=1

λi ·CZZ
�
xa − x j

�
+

mX
j=1

λ′jCZY
�
xa − x′j

�
+ µ

= CZZ (xa − x0) , a = 1, 2, 3, . . . , n (A11)
nX

i=1

λi ·CYZ
�
x′b − xi

�
+

mX
j=1

λ′jCYY
�
xb − x′j

�
+ µ

= CYZ
�
x′b − x0

�
, b = 1, 2, 3, . . . , n (A12)

where C represents the cross-covariance used to compute the
cross-variogram (A4). By solving (A11) and (A12), it was
possible to obtain the co-kriging weight coefficients (λi and
λ′j); and by applying them in (A9), the co-kriging computed
the estimated E-field values in the unknown sample points
[Z∗(x0)]. Please note that the formulas (A9)–(A12) hold when
the co-kriging considers only one covariable; when more
covariables are considered, the co-kriging adds as many terms
and weight coefficients in the formulas as the number of
covariables that were considered.
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