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Abstract—With active antenna systems AAS) cell deployment
changes can be handled rather flexible to meet the local and
momentary capacity demands. Antenna tilt is one of the important parameters that should be properly adjusted in order
to enhance the performance and efficiency of a cellular network. Simulative performance evaluation of these gains currently
assumes radio propagation models where the shadowing map
remains unchanged with respect to tilt changes. The assumption,
however, may not be realistic in particular to dense urban and
urban scenarios. This paper investigates the impact of tilt on the
shadowing map with regard to the current 3GPP assumptions.
Moreover, the work tries to check if the shadowing process can
be really assumed as stationary and independent from beam
changes. The investigations are based on shadowing maps isolated
from real world ray tracing propagation maps and has been
carried out for urban scenario with various beam tilt settings.
Index Terms—Radio propagation modeling, Shadowing, AAS

I. I NTRODUCTION
The nature of a radio propagation environment determines
the performance and efficiency of wireless communication
systems. In the course of propagation, a radio wave not
only attenuates through distance but also undergoes through
different physical phenomenon; i.e. reflection, diffraction and
scattering, before arriving at a receiver terminal. Depending
on the type of the environment, these effects cause instant
fluctuation in signal attenuation level and induce signal fading
to a wireless channel making the channel more unpredictable.
Fading is mainly caused by multi path effect and shadowing
from obstacles in the environment. Radio propagation models,
therefore, try to approximate those effects and predict the
losses in during signal propagation.
In wireless communications, the dominant propagation loss
is due to the attenuation of signal amplitude through distance
and this loss is referred as signal path loss P L. In statistical
modeling, the local mean value of the path loss P L(r) at a
distance r from a transmitter is modeled as a random variable
having a log-normal distribution about a mean equal to a
path loss component defined solely dependent on distance
and is termed as mean area-mean) path loss, i.e. P L(r) [1].
P L(r) is predicted by path loss models and it is exponentially
proportional to the shortest distance r from the transmitter
where the exponent value depends on the nature of the
propagation environment. In a free space propagation, for

example, the path loss exponent is found to be 2 whereas
in real outdoor propagation environments its value is between
2 and 4, and it is even higher in complex indoor topologies
[1]. The other propagation loss component that gives rise to
fluctuation in the signal attenuation level around P L(r) is
called shadowing S and it is caused by various propagation
obstructions. Shadowing map S(x, y) is modeled as lognormally distributed random variable with zero mean. The
standard deviation of the shadowing σs usually ranges from
5 to 12 dB depending on type of propagation scenarios and
the model used to predict the distance dependent path loss
component (P L(r)) [1].
In 3GPP propagation models, the shadowing effect is included as a log-normally distributed random variable with a
standard deviation values of 10 and 8 dB for dense urban
and urban scenarios respectively [2]. According to the current
3GPP model, the propagation model parameters for the path
loss and shadowing model assumptions applies irrespective of
antenna tilt settings [2]. While changing antenna tilt values, the
model assumes the shadowing statistical behavior is stationary
at any point for one antenna and, hence, applies identical shadowing map independent of the tilt. This assumption, however,
might be questionable especially in dense urban and urban
scenarios where there are many obstructive objects that could
change the shadowing behavior with beam tilt variation. This
instationarity might result in unpredicted signal level variations
in a mobile network and could affect system performance
and introduce more inaccuracies where system configuration
parameters are sensitive like in adaptive tilt optimization and
Self Organizing Network (SON ) operation.
In this paper, the 3GPP shadowing propagation model and
assumptions are thoroughly investigated considering different
antenna tilt settings. The investigation is aimed at checking
validity of the 3GPP stationarity assumptions of the shadowing
map by extracting shadowing maps from ray tracing propagation maps for various tilt configuration and different sites.
Moreover, it has also studied existence of correlations among
tilt specific extracted shadowing maps. A propagation map
generated by 3GPP propagation modeling and assumptions is
used as a reference and validation of the approach.
This paper is organized as follows. The state of the art
of 3GPP urban propagation models is described in Section
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II. Section III describes ray tracing prediction approach and
scheme adopted here. The approach employed to extract
shadowing map and used optimization techniques to determine
the mean distance-dependent path loss and antenna backward
attenuation are discussed in Section IV. Section V evaluates
the results and shows analysis. The last section, Section VI,
concludes the work.
II. 3GPP U RBAN P ROPAGATION M ODEL
This section describes the state of the art in 3GPP urban
propagation models including path loss, shadowing and antenna radiation pattern model.
A. Mean Path Loss
3GPP has developed several path loss models for various
propagation environment based on measurement data [2]. For
the urban environments, the macro cell mean path loss at a
distance r from a base station (P L(r)) is defined as a function
of the carrier frequency fc [MHz], the antenna height above
rooftop h [m] and separation distance r in [km] and it is
given by equation ( 1) [3].
P L(r) = 21 · log10 (fc ) + 80 − 18 · log10 (h)

+40 · [1 − 4 · 10−3 · h] · log10 (r)

(1)

B. Propagation Shadowing
The shadowing effect causes signal fading and it results in
fluctuation of the total path attenuation level around the mean
path loss, P L(r). It has been demonstrated from statistics
that, this fluctuation is characterized by having a log-normal
distribution with zero mean and a standard deviation that
depends on propagation environment. Moreover, due to the
slow fading process over distance, the model assumes that
shadowing values of adjacent locations are correlated and its
normalized autocorrelation is approximated and given by [2];
x

R(x) = e− dcor

(2)

where x is the spatial separation between two pixels and the
decorrelation distance (dcor ) defined as the smallest distance
gap where the autocorrelation falls to e−1 . In 3GPP shadow
modeling, the correlation effect is taken into account with
assumptions that shadowing correlation factor of 0.5 exists for
shadowing maps between different sites and correlation factor
of 1.0 among different sectors on a same site [3].
C. Antenna Radiation Pattern
The vertical and horizontal antenna radiation pattern data,
i.e. the two-dimensional (2D) patterns, provided by manufacturers apply only to reflection free environments [4]. The
vertical antenna pattern is defined as BV (θ) for −90 ≤ θ ≤ 90
in a vertical plane while horizontal pattern, BH (φ), defines
the pattern change in the horizontal plane where −180 ≤
φ ≤ 180. Practically, obstructing and reflecting objects in
antenna environment could have an impact and alter this
radiation pattern [4]. This requires having an enhanced model
that takes this effect into account and accurately estimates the
radiation pattern. Furthermore, the 2D patterns alone are not

enough to determine antenna pattern gain for a point of interest
at any position in the network. Conventionally, a quasi 3D
pattern B3D (φ, θ) can be generated by linearly combining the
BH (φ) and BV (θ) patterns [5]. With this approach, acceptable
total pattern can be obtained for limited angular range in the
direction of the main lobe, but it can not accurately reproduce
B3D (φ, θ) at far field and the backside of the antenna [5].
As a consequence, different novel techniques and approaches
have been proposed to account these errors and accurately
approximate the 3D pattern from the BH (φ) and BV (θ) via
interpolation [6] [7] [8]. In accordance with this, for mobile
network simulation scenarios, 3GPP has defined the azimuth
and elevation patterns as shown in [3] and the 3D pattern can
be approximated as depicted in equations ( 3) and ( 4) [9].

BH (φ) = − min

⎧
⎨



φ − Φo
Φ3dB

2 ⎫
⎬

ξ, 12 ·
⇒ Azimuth
⎩
⎭
⎧
(3)
2 ⎫

⎨
θ − Θt ⎬
BV (θ) = − min ξ, 12 ·
⇒ Elevation
⎩
⎭
Θ3dB
B3D (φ, θ) = − min ξ, − BH (φ) + BV (θ)

(4)

In the above equations, Φ3dB and Θ3dB are the half power
(3dB) bandwidths of the main lobe in the horizontal and
vertical plane respectively, while Φo gives the azimuth orientation and Θt represents vertical tilt angle. In the pattern
model given above, ξ is a factor introduced to provide total
backward attenuation that takes impact of propagation conditions into account. ξ is optimized to 25dB [2] and it is
commonly adopted in simulation scenarios. However, this may
not necessarily reflect the accurate total pattern and this value
could diverge depending on the clutter type of the considered
scenario.
According to the current 3GPP model and assumptions, a
change of tilt settings causes a change in the received power
level at any (x, y) location in the network which is equal to
the observed antenna gain pattern difference (ΔB3D (x, y))
with respect to the same (x, y) position, i.e ΔPrx (x, y) =
ΔB3D (x, y) whereas, the shadowing map (s(x, y)) is assumed
to be invariable with tilt.
III. R AY T RACING P ROPAGATION M AP DATA
For the investigation, a propagation map data generated by
a network planning tool based on ray tracing approach has
been considered. The tool employs 3D models and urban
clutter behaviors in order to include more real life propagation
effects and to be able to predict propagation maps with
high accuracy. In ray tracing approach, despite the fact that
considering several rays and paths provides the possibility to
take multiple paths effect into account, it is computationally
more expensive and put constraint on the available tools. It has
been nevertheless shown that a ray tracing prediction technique
made using one ray only on the dominant path between
the transmitter and receiver performs with an accuracy as
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TABLE I
BASIC S YSTEM PARAMETER S ETTINGS .

Fig. 2. Measured Received Power Values over distance (r) [km]: [Prx Vs
10 · log10 (r)]

Parameter
Settings
Tool used to generate propagation map Ray Tracing tool (WinProp)
Urban Scenario - City
Munich
Network Size
27 tri-sectored, i.e 81 cells
Antenna Total Power
43 dBm
Antenna gain
14.5 dBi
Antenna HPBW settings
φ3dB = 65◦ and θ3dB = 25◦
Grid resolution
5m × 5m
Tilt angle Values
[4◦ , 6◦ , 10◦ , 14◦ ]

1) Empirical Path Loss Prediction: Despite the complex
factors determining the total propagation loss, the mean path
loss can be empirically approximated from the trend and
variation of signal attenuation level through distance. The most
popular and widely used path loss model is Hata’s propagation
model which was formulated based on intensive measurement
data [3], [12]. Accordingly, the distance dependent mean path
loss, P L(r), is represented in a generic formula [12], [13]:

high as the path loss prediction that uses several rays. This
is demonstrated in the work [10], [11] where performance
evaluation was done between the full ray tracing and the
dominant path approaches. Hence, a Dominant path Prediction
Model (DPM) setting is utilized in our tool to generate an
outdoor propagation map.
Urban outdoor propagation scenario is studied in our investigation. A network layout consisting of 27 tri-sectored sites, i.e.
81 sectors, is considered for city of Munich where the site plan
and system parameters configuration settings are done based
on realistic site deployment. Figure 1 presents the layout and
site locations. Basic settings are summarized in Table I.

P L(r) = A + α · 10 · log10 (r)

IV. E XTRACTION OF S HADOWING M APS
In this section, empirical modeling technique is used in
order to predict the mean path loss. An optimization approach
that has been applied in approximating the backward attenuation factor for the radiation pattern model is also presented.
Moreover, the scheme of extracting shadowing statistics and
investigation approach employed to analyze impact of a tilt is
demonstrated.
A. Path Loss Prediction Based on Optimized Antenna Backward Attenuation Factor
In order to extract the shadowing map from the ray tracing
propagation data, the correct propagation loss parameter values
that would estimate the losses contributed by the mean path
loss and antenna gain pattern variation is needed. Due to the
fact that each sector experiences different propagation clutter
type in the direction of their serving antenna, the propagation
parameters would have different path loss coefficients and
antenna backward attenuation factors.

(5)

where A represents a path loss offset and α approximates path
loss exponent. Usually the path loss is represented with two
coefficients, the path loss offset (A) and a parameter B that
includes the path loss exponent term, i.e., B = α · 10. Hence,
the path loss is usually expressed with those coefficients
in the form of P L(r) = A + B · log10 (r). As illustrated
in equation 1, these path loss coefficients are functions of
frequency, base station height and distance [3], [12], [13], [14].
The ray tracing data is exploited to empirically predict the
path loss coefficients. Regression is applied and linear curve
fitting approach is utilized on the measured propagation values
Prx [dBm] Vs 10 · log10 (r)[dB], as shown in Figure 2, r is
given in km. Since sectorized antenna systems are employed,
the propagation maps Prx values include the effect of antenna
radiation pattern loss and this may lead to inaccurate path
loss coefficient prediction. Therefore, the impact of radiation
pattern should be excluded from the Prx statistics [14] before
applying regression, Prx (x, y) - B3D (x, y)); nevertheless, the
B3D (x, y) should be properly evaluated which in turn requires
optimal value of ξ in the radiation pattern model.
2) Optimization Approach: As explained in section II,
antenna backward attenuation factor ξ could be impacted by
nearby objects and it may vary for different sectors in a
network. Accurately predicted path loss model must result
and confirm the normally distributed shadowing model assumption with a zero mean and minimum standard deviation
[1]. Accordingly, the value of the standard deviation is used
to optimize ξ. A brute-force based optimization approach is
carried out for a wide range of ξ values and hence, a cost
function fσs is defined from the shadowing standard deviation
σ(s,t) which is evaluated at each sector and for different
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(6)

where the parameter T stands for the number of considered
tilt setting values and used here to average out the standard
deviation evaluated for all T tilts at each cell.
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B. Extracting Shadowing Map

+B3D (φ, θ)t − P L(r),

Fig. 3. Predicted path loss coefficients comparison: 3GPP model and Ray
tracing data
1.1

Correlation Coefficient

Based on the predicted path loss and antenna radiation
pattern loss values, the large scale propagation loss attributed
to shadowing is extracted from the the ray tracing propagation
map as follows:
Sc (ξ, A(ξ), B(ξ), t) = Ptx − Prx + GdBi
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Pathloss Coefficient [B]

T
1
σ(s,t) ,
fσs (ξ, A(ξ), B(ξ)) =
T t=1

150

Pathloss Coefficient [A]

tilt setting t. fσs is a function of the predicted path loss
coefficients for each ξ configuration, A(ξ) and B(ξ), and it is
given by:

(7)

where, Sc is the shadowing map in dB, Ptx and Prx are
the transmit and received power levels respectively. The term
GdBi gives the dBi gain of the antenna.
V. E VALUATION OF E XTRACTED S HADOWING M AP
Applying various tilt settings, optimization has been carried
out to predict the propagation model parameters (ξ, A and
B) and shadowing map is extracted from propagation map
of each sector of the considered scenario. Moreover, 3GPP
model based generated propagation map has been analyzed
and treated the same way to use it as reference and validate
feasibility of the approach. Results have demonstrated that
changing tilt does not have significant impact on the propagation parameters (A, B) and almost the same propagation
parameters have been predicted for a sector irrespective of the
tilt.
A. Clutter Specific Propagation Parameters
When applied on the 3GPP model generated propagation
map, the employed linear regression path loss approach and
optimization has confirmed the same propagation model parameters, i.e. ξ, A, and B, for all sectors network wide
as depicted in Figure 3. Whereas for the ray tracing data,
those parameters are found to be different for each sectors
exhibiting various propagation conditions at specific sectors.
This is illustrated in Figure 3 where the path loss exponents
are evaluated and presented for each sectors.
B. Statistics of Extracted Shadowing Maps
1) Correlation Property: Shadowing maps extracted from
various sectors and tilt settings have confirmed a normal
statistical distribution with zero mean and a reasonable value
of standard deviation σs . Furthermore, while changing tilt, σs
showed a slight variation leading to comparably closely the
same statistical distribution. However, the observed first order
statistics alone do not reassert that shadowing remain invariable with respect to different tilt settings. One of the interesting statistical behaviors is to evaluate correlation among the
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Fig. 4.

Shadowing statistics correlation between various tilt settings

shadowing statistics of different tilts. In 3GPP model, shadow
map is to be assumed independent of tilt and therefore fully
correlated as depicted in Figure 4. Results have demonstrated
that statistical correlation still exists but its value is variable depending on the change in the tilt setting exhibiting dependency.
This is illustrated in Figure 4 where shadowing correlation
coefficients are shown for selected sectors. Furthermore, the
assumption of full correlation of shadowing between sectors of
the same site in 3GPP could not be confirmed by investigation
results.
2) Tilt Dependency of Shadowing: Despite the almost
identical first order statistics of the shadowing maps and
existence of correlation between the shadowing map statistics
among tilts, it is apparent that those do not fully indicate and
reflect the shadowing level change that could be experienced
at different pixel locations (x, y) in the network. Owing to
presence of high building obstructions and reflectors in urban
scenarios, while changing antenna tilt from t = tk to t = tz ,
the change in received power level at (x, y) pixel position
ΔPrx (x, y) occurs not only due to the perceived change
in the radiation pattern, but there could be also suffering
from aggressive shadowing objects that might give rise to
unpredicted power level drop or vice versa. This has been
investigated by looking in to the shadowing level difference
ΔS(x, y) = S(x, y, tz ) − S(x, y, tk ) at each pixel points
network wide. Unlike to the 3GPP assumption discussed in
section I, it has been found out that ΔS(x, y) = 0 and
ΔPrx (x, y) = ΔB3D (x, y)+ΔS(x, y) for different tilt change

ΔS Statistics between [−3, 3] dB [%]
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pair (tk , tz ). This is demonstrated in Figure 5 where ΔS is
evaluated for one sector for a tilt change from 2◦ to 10◦ for
areas in the direction of the main beam. Though a higher
tilt is expected to shrink the cell coverage and concentrate
signal power close to the base station, the reverse effect has
been observed on many of the areas in the sector and this is
attributed to the shadowing level variability due to change in
tilt. Results have confirmed this in the figure with a significant
shadowing level difference at each (x, y) point in the network,
for example from 1 - 6 dB, after the tilt change which leads
also to corresponding change in received signal power level.
Moreover, the effect of ΔS is seen to be distributed through
out the network and has been also exhibited in neighbor
areas where those might be served by another antenna. This
observed instationarity of shadowing map would unpredictably
alter the nature of interference distribution and might introduce
inaccuracies while analyzing system performance.
Based on the above observation, investigation has been
carried out on the shadowing level change statistics over 63
sectors in order to evaluate how wide through the network and
in what range of values does the difference occurs. Statistical
results have demonstrated that on average 60% of the pixels
reported a shadowing level change in the range of ±1dB
when tilt is changed from 2◦ to 10◦ . The tendency in the
shadow level change have been observed with other tilt setting
combinations while small tilt difference yielding less impact.
This result is illustrated in Figure 6 where the percentage
of pixels experiencing ΔS between ±3dB are presented.
Accordingly, it is shown that on average 15% of the pixels
have ΔS values out of the ±3dB bound. This percentage is of
a significant figure as the statistics is taken from the complete
serving network area. Moreover, those pixels which reside in
the target sector experience substantial impact from tilting and
reflect considerable shadow level change. Figure 5 depicts ΔS
in those critical areas of a sector where beam tilt adjustment
is required to have predictable impact either in the received
signal level or to meet required coverage demand.
VI. C ONCLUSION
In this paper, the impact of antenna tilting on propagation shadowing is thoroughly investigated for urban scenario.
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Results have demonstrated that changing antenna tilt has a
significant impact on the shadowing map. Unlike to the 3GPP
assumption, the extracted shadowing map shows existence
of its dependency with antenna tilt setting. Furthermore, it
has been observed that shadowing maps of different sector
antennas on a same sites are far less correlated than the 100%
correlation assumption in the current well-established 3GPP
models. Therefore, the tilt dependency of shadowing might
require a rethinking of currently available propagation models
and assumptions.
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