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Abstract— In this paper we propose an extension
to existing Markovian wireless channel modeling tech-
niques introducing a notion of mobility behavior of the
user. Particularly, we represent a large-scale propaga-
tion characteristics of wireless channels as a mobility-
dependent stochastic process that explicitly tracks the
movement of the user between areas with different re-
ceived local average signal strength (RLASS). Basi-
cally, our model consists of two different parts: mobil-
ity model and large-scale propagation model. Mobility
of the user is modeled by a Markov chain with finite
state space. Large-scale propagation characteristics of
wireless channel is represented by a function of mo-
bility model. Proposed model can be parameterized
using either real measurements or classic large-scale
propagation models. Based on the available informa-
tion regarding a given environment we developed three
different parametrization methods for our model. Pro-
posed approach allows to capture large-scale propaga-
tion characteristics of wireless channels as a function
of mobility of the user and can be used in performance
evaluation of user’s applications running over the air
interface.

I. INTRODUCTION

Third generation (3G) mobile systems, which were
recently given a lot of attention, are nowadays seen
as an intermediate step between conventional second
generation (2G) mobile systems and next generation
(NG) mobile networks. While NG mobile systems are
not well-defined, there is a common agreement that
these networks will rely on IP protocol as end-to-end
transport technology. The motivation is to build a
common service platform for future 'mobile Internet’,
known as 'NG All-IP’ networks.

In addition to broadband wireless access to the In-
ternet NG All-IP networks should also provide qual-
ity of service (QoS) to their applications. Provision
of QoS is an inherent problem for many service types
even in fixed networks and, as expected, will get worse
when user services have to be extended to the air in-
terface. Inherent characteristics of mobile users’ like
their mobility, traffic demands and unstable nature of
the air interface have to be addressed before the re-
quired quality of user services will be achieved. These
new challenges require development of novel methods
of teletraffic theory, optimization and design. Among
others, the special attention should be paid to wireless
channel modeling.

Since the error rate of fixed transmission medium
is negligibly low, in order to evaluate performance of
user applications in fixed networks it is sufficient to
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estimate packet losses, delays and delay jitters caused
by buffer overflows. The distinguishing property of
wireless links is that their performance is affected by
atmospheric conditions and other physical factors in-
cluding reflection, diffraction and scattering resulting
in high and correlated bit errors at the physical layer.
Therefore, dealing with wireless networks we cannot
neglect packet level QoS degradation caused by bit
errors of wireless transmission medium. Indeed, they
have completely different nature compared to what
we dealt in fixed networks and may contribute a lot
in end-to-end performance degradation.

Survey of research papers has shown that wireless
channel models designed for mobile systems do not
explicitly take into account mobility behavior of a sin-
gle user. Most of them capture propagation charac-
teristics of wireless channels at a given distance from
the transmitter and neglect those changes caused by a
movement of a user between areas with different signal
strengths. However, it is clear that the received sig-
nal strength depends on distance between transmitter
and receiver, that, in turn, depends on mobility of the
user. Novel state-of-the-art channel wireless channel
model must capture such dependence.

In this paper we propose an extension for conven-
tional large-scale propagation models of wireless chan-
nels to the case of mobility-dependent behavior. Par-
ticularly, we propose a model that explicitly captures
mobility of a single user and integrates our model con-
sists of two different parts: mobility model and large-
scale propagation model. Mobility of the user is mod-
eled by a Markov chain with finite state space. Large-
scale propagation characteristics of wireless channel
is represented by a rate process associated with this
Markov chain. So that the whole model is actually a
doubly stochastic process. Proposed approach allows
to capture large-scale propagation characteristics of
wireless channels as a function of mobility of the user
and can be used in performance evaluation of user’s
applications running over the air interface.

Our paper is organized as follows. In Section II we
make necessary remarks on current wireless channel
modeling techniques and provide reasons why we have
to extend those models to capture mobility behavior
of the user. Then, in Section III, we outline the struc-
ture of our model. Parameters estimation methods
are given in Section I'V. Some examples are in Section
IV. Conclusions and further work are outlined in the
last section.
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II. PROPAGATION CHARACTERISTICS OF WIRELESS
CHANNELS

The propagation path between transmitter and re-
ceiver may vary from simple line-of-sight (LOS) to
very complex one due to diffraction, reflection and
scattering. To estimate performance of wireless chan-
nels, propagation models are often used. Basically, we
distinguish between two types of propagation mod-
els [1]. These are large-scale propagation models and
small-scale propagation models.

A. Large-scale propagation models

. When a mobile user moves away from the trans-
mitter over large distances the RLASS gradually de-
creases. This signal strength can be predicted using
large-scale propagation models.

Usually, we distinguish between analytical and em-
pirical large-scale propagation models. The former
ones capture large-scale propagation based on analyt-
ical representation of physical phenomenons includ-
ing diffraction, reflection and scattering. Empirical
models are based on fitting analytical expressions to
a set of measured data. The main advantage of these
models is that they implicitly take into account all
propagation factors, both known and unknown. Most
analytical and empirical large-scale propagation mod-
els assume that the RLASS decays as the power law
function of distance between the transmitter and a
receiver.

There are a number of large-scale propagation mod-
els available in literature. However, neither outdoor
[2], 13], [4], [5] nor indoor [6], [7], [8], [9] models do not
take into account mobility behavior of mobile users
between areas with different RLASS.

B. Small-scale propagation models

. When a mobile use moves over short distances the
instantaneous signal strength may vary rapidly. The
reason is that the received signal is a sum of many
components coming from different directions due to
reflection, diffraction and scattering. Since phases,
amplitudes and arriving times of components are ran-
dom, the resulting signal varies significantly. Depend-
ing on the relation between signal parameters, channel
characteristics and velocity of the user, different sig-
nals experience different types of fading. Based on
multipath time delay spread we distinguish between
flat and frequency-selective fading, based on Doppler
spread we distinguish between fast and slow fading.

Due to implicit incorporation of small-scale mobility
in small-scale propagation models [10], [11], [12], most
performance evaluation studies of information trans-
mission over wireless channels performed so far [13],
[14], [15], [16], were limited to small-scale propagation
phenomenon.

C. Integrated cross-layer wireless channel models

. It is well-known that a mobile user may change its
location many times during an active session and these

changes are not always limited to short travel dis-
tances. Wireless channel models developed to capture
large-scale propagation phenomenon cannot be effec-
tively used in performance evaluation of user’s applica-
tions running over the air interface, since both the mo-
bility of the user between areas with different RLASS
and rapid fluctuations of the signal strength are not
taken into account. Models of small-scale propaga-
tion implicitly include the mobility behavior of the
user. However, they fail to predict signal strength at-
tenuation caused by movements over large distances.
Taking into account nomadic behavior of mobile user,
novel wireless channel models must capture both mo-
bility of the user and propagation characteristics of
wireless channels. Large-scale and small-scale propa-
gation characteristics must be considered as functions
of user’s mobility and represented by stochastic pro-
cesses.

One should also note that models of received signal
strength are not appropriate for performance evalua-
tion purposes and must be further extended to higher
layers providing, for example, IP packet error proba-
bilities. Thus, we have to take into account charac-
teristics of underlying layers including data-link error
concealment techniques like forward error correction
(FEC), automatic repeat request (ARQ) or combina-
tion of them, and modulation schemes at the physical
layer. Finally, an adequate wireless channel model
for NG All-IP mobile systems must be cross-layer in-
tegrated one capturing propagation characteristics of
wireless channels by a mobility-dependent stochastic
process and important properties of underlying layers.
Such models along with traffic models have to be fur-
ther applied to predict QoS expectations experienced
by applications running over the wireless channels.

III. WIRELESS CHANNEL MODEL
A. Structure of the model

Assume that a given cell is somehow divided into
a finite number of areas M such that these areas are
non-overlapped and the sum of their areas equals to
the cell area. A simple example of division of the cell
into regions satisfying abovementioned assumptions is
shown in the left part of Fig. 1. We assume that a mo-
bile user may move between these areas and each area
1=1,2,..., M is associated with a certain RLASS.

Let us assume a discrete-time environment, i.e.
time axis is slotted with a certain granularity, the slot
duration is constant and given by At = (t;11 — t;),
i =20,1,.... Assume also that changes of areas are
only allowed at slot boundaries. Considering the mo-
bility behavior of the user within and between areas
one may expect some type of positive autocorrelation
in this process. Roughly speaking, if the user is in a
certain area in the slot n it is more likely it will con-
tinue to be in the same area in the slot (n + 1). In
this paper we propose to capture such type of posi-
tive autocorrelation and represent user’s mobility be-
tween different areas using a discrete-time homoge-
nous Markov chain {S1(n),n = 0,1,..} defined at the
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state space Sp(n) € {1,2,..., M}, where M is the
number of areas. According to this model, time a
particular user stays in each area is geometrically dis-
tributed and can only be changed at slot boundaries.
However, one should note that this restriction can be
relaxed to capture more general distributions of so-
journ times in each area, including sum of geometri-
cal, hypergeometrical, etc. This can be done allowing
more than one state of the Markov chain to denote
each area. Anyway, the minimum time the user stays
in any mobility state is still At, and therefore, the
careful choice of At is of paramount importance.

In our model transitions are only allowed between
adjacent areas which is a natural assumption regard-
ing user’s movement within any given area. It is also
possible to represent the directional movement of the
user between areas introducing a periodicity in the
Markov chain. For example, dealing with a highway
scenario the sequence of areas visited by a mobile user
may be known in advance.

As we have seen previously, the RLASS is the func-
tion of both distance between transmitter and receiver
and user’s mobility. To stochastically represent it,
let us now associate a certain value of RLASS with
each state of mobility model. To do so let {L(n),n =
0,1,..}, L(n) € {L1,La,..., Lps} be the RLASS pro-
cess whose underlying Markov chain is {Sp(n),n =
0,1,...}. So that the value of RLASS is modulated by
a underlying Markov chain and the whole model is a
doubly-stochastic process. Let L = (L1, Lo, ..., L)
be the RLASS vector. The value of RLASS in the
slot is a random variable L that takes on values of the
vector L = (L1, Lo, ..., Las) with respective steady-
state probabilities # = (w1, 7a,...,mp) of underly-
ing Markov chain {Sr(n),n = 0,1,...}. Therefore,
the RLASS process {L(n),n = 0,1,...} is defined as
L(n)=1L;, i € {1,2,..., M}, while the Markov chain
is in the state ¢ at the time slot n.

Due to incorporation of modulating process the pro-
posed model is characterized by the following struc-
ture of autocorrelation function of RLASS process:

Kpm)~ > A" m=12.. (1)
VI, 1£1
A, 1 =2,3,..., M are eigenvalues of transition prob-

ability matrix of Markovian process {SL(n),n =
0,1,...} given that A\; = 1. So that the autocor-
relation function of the RLASS process is the sum of
M —1 geometrically distributed terms which are given
by non-unit eigenvalues of modulating Markov chain.

A simple example is shown in Fig. 1 where the
cell of a circular type is partitioned into several areas
with different RLASS. In general, these areas may be
of an arbitrary configuration. Indeed, the RLASS de-
pends not only on the distance between the transmit-
ter and the receiver but on the environmental char-
acteristics too. RILASS in every area is actually a
range of RLASS and must be estimated using either
real measurements or large-scale propagation models
available in literature.

Fig. 1. A model for large-scale propagation characteristics.

B. Parametrization of the model

Our model is just a doubly stochastic process. To
completely define it we have to determine the transi-
tion probability matrix Pj, of the underlying Markov
chain {Sy(n),n = 0,1,...} and RLASS vector L =
(L17L25 .- aLM)

Assume that all information about areas with ap-
propriate values of RLASS is available. In this case
parameters of underlying Markov chain {Sp(n),n =
0,1,...} are easy to estimate. Let us consider a cell
of a circular configuration with a number of areas as
shown in the left part of Fig. 2.

to state 10: p,,

to state 1: p,,, to state 11: p,, 4

to state 8: pj, to state 12: p,, .,

to state 13: p, .,

Fig. 2. Example of the cell of a circular type.

In accordance with our model every area corre-
sponds to a state of the Markov chain. It is easy to
notice that the sojourn time in a certain area must
depend on its size. Indeed, with the increasing of the
size of area, time a user stays in this area is increasing.
One should also note that the area sojourn time also
depends on the velocity of the mobile user. Hence, we
should distinguish between mobile users with different
velocities. Additionally, in certain cases it is necessary
to take into account a directional movement of users.
For example, considering a highway scenario if a mo-
bile user is in a certain area in the time slot n, it is
more likely it will continue to the next area along the
highway than move to any other areas.

Consider a mobile user which is in the state i,
i = 1,2,..., M, in the slot n. In accordance with
proposed model, mobile user in the next slot (n + 1)
may either stay in the area ¢ or move to other areas.
The only areas to which a user can move in one slot are
neighboring areas denoted by €;,i=1,2,..., M. We
propose to compute transition probabilities between
area i, 1 = 1,2,..., M and those areas from sets €2,
1=1,2,..., M as follows:

_ SiPjwi v,

7 =1,2,...,M 2
SRPi ) (2W) )y ) ) ()

Dij
where S; is the area of i, P; is the perimeter of i, Sg
is the area of the cell, P;;, i, € ©; is the length of
the border between areas i and j. Parameter v;, is
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the factor proportional to velocity of the user. Pa-
rameters w;;, 1,7 € §); are intended to represent di-
rectional movement of the user in a highway or urban
environments. Note that:

dwij=1,  i=12...,M (3)
JEQ;
Parameters wy;, 4,5 € €, i = 1,2,..., M, are spe-

cific for a given environment, and therefore, no gen-
eral expression can be provided. In Section 6 we show
how to estimate wj;, i,5 € 4, ¢ = 1,2,..., M, for
a highway scenario. To complete parametrization, in
the following section we consider how to determine
configuration, boundaries and areas of regions with
different values of RLASS using either measurements
of RLASS or classic large-scale propagation models.

IV. ESTIMATION OF PARAMETERS
A. Estimation based on measurements

In practise we cannot measure RLASS in any point
of the cell. Instead, measurements of RLASS are often
represented by a three-dimensional vector:

P=(zi,y;, P),i=1,2,..., M, (4)

where M is the whole number of measurements, x;, y;
are coordinates of the i measurement and P; is the
RLASS value of respective measurement.

Information given by (x;,y;, P;), i =1,2,..., M are
insufficient for our purposes. Indeed, to estimate pa-
rameters of our model using (2) we have to deter-
mine areas to which these measurements belong to.
To determine areas with nearly the same RLASS we
propose to use a suitable division of the cell into ar-
eas whose vertexes are measurement points (z;,y;),
i=1,2,..., M.

In our case an appropriate division of the cell is
achieved using so-called Voronoi tesselation that sep-
arate a certain region D of space R" into cells D;, i =
1,2,..., M, using a certain point process. The poly-
gon D; is the intersection of half planes H;; bounded
by the bisectors of the segments ((z;,¥:), (x;,y;)),
i,7 = 1,2,..., M and containing (z;,y;) as a vertex.
The system of all polygons forms a tesselation of the
plane. In our case the space is #2 and coordinates
of measurement points can be considered as a point
process on the plane.

Practically, the Voronoi tesselation is constructed
as follows: for each measurement point (z;,y;), i =
1,2,....M,let D;, © = 1,2,...,M, be the area con-
sisting of all locations in the space which are closer
to (x;,y;) than to any other measurement point. Ad-
ditionally, to ensure that the Voronoi tesselation is
well defined the only requirement we have to impose
on measurement points is that they must compose a
non-degenerate realization of the point process on the
plane. It means that there must be at least two mea-
surement points, they are distinct, and there are only
finitely many of these points in any bounded region.

All these requirements are satisfied within our as-
sumptions. There are a number of approaches to com-
pute Voronoi tesselation ([17] and references therein).
To determine an appropriate value of RLASS it
is not strictly required to distinguish between every
value of RLASS in every area. Instead, it is possible
to consider ranges of RLASS. In this case the range
(maxy; P; — miny; P;) must be divided into K non-
overlapping ranges of the following length:

(maxw Pz — minw Pz)

AP = - . (5)

Using (5), all measurements must be classified to
appropriate ranges of the RLASS. Areas correspond-
ing to this ranges can be determined using the the
procedure outlined below.

Let l; 4,14, =1,2,..., M, to denote the length be-
tween it and j** measurements on the plane. Assume
that i*" measurement falls into £*" range of RLASS.
Consider now the measurement point such that the
condition miny; ;-;l;;, is satisfied. If this point falls
into the the same range of the RLASS the boundary
of the current area must be extended to that area.
Thus, the resulting area consists two areas and corre-
sponds to k** range of RLASS. The same procedure
must be performed for the next point with next mini-
mal distance from i*" point until a certain point will be
classified to another range of RLASS. Note that with
the increasing of the range of RLASS the accuracy of
the model decreases.

An example of analysis of the cell configuration is
shown in Fig. 3. Left figure shows measurement
points on the plane. In the next figure Voronoi tesse-
lation is shown. Finally, in the right figure an example
of areas are shown.

Fig. 3. Example of analysis of the cell configuration.

B. Estimation based on propagation models

Unfortunately, often, measurements of RLASS are
unavailable while characteristics of a given environ-
ment is known. In this case it is also possible to
parameterize our model based on classic large-scale
propagation models developed to date.

There are a number of large-scale propagation mod-
els available in literature. Most of them assume that
with the increasing of the distance between transmit-
ter and receiver d, RLASS is decreasing according to
a power law of d given a standard distance dy. For
example, free space model assumes that there is only
one unobstructed LOS path between transmitter and




EUNICE 2004

Tampere, Finland

receiver. The free space propagation loss is given by:

L(@) = Lu(ao) + 2015 () ©
However, it rarely occurs in practice that the LOS
is unobstructed. So that, the estimation given by (6)
fails is most cases. It was shown by Okumura et. al.
[4] using real measurements that with the increasing
of the distance between transmitter and receiver d,
propagation loss is rarely decreasing at a rate when
n = 2. Hata [18] fits those data to empirical formulas.
In general, propagation loss is proportional to separa-
tion distance according to the following expression:

EIL(d)] = Lu(do) + 10n1g (%) W

Distance dj is often assumed to be equal to 1000
meters for macrocells, 100 meters for microcells and 1
meter for indoor wireless channels [1]. Lg(dy) can be
either measured or approximated [1].

Parameter n depends on wavelength, antenna
height and a given propagation environment. For ex-
ample, if we take an assumption of free space propa-
gation n = 2 and (7) degenerates to (6). When the
LOS is shadowed n > 2. Considering urban areas, in
certain circumstances n < 2 (see [1] for a range of n
for specific environments). Measurements carried out
by Seidel et. al. [19] that the actual propagation loss
may vary significantly depending on the propagation
environment. It was found that the actual value of
propagation loss L(d) is log-normally distributed with
mean E[L(d)]. Finally, the expression for propagation
loss L(d) in a particular environment is given by:

L(d) = Lg(do) + 10nlg (%) + X, (8)

where X, ~ N(0,02) is zero-mean Gaussian dis-
tributed random variable expressed in dB. The value
of X, can be estimated from real measurement for dif-
ferent locations of transmitter and receiver. Usually,
X, € {6 — 10} dB. Propagation loss can be easily re-
lated to RLASS [1] or used instead of RLASS.

Using abovementioned considerations we assume
that areas with different RLASS are given by a cir-
cular forms on the plane as shown in the left part of
Fig. 1. The value of RLASS in every area can be
estimated using either (7) or (8), while (6) and can
be seen as rough approximation. Finally, transition
probabilities can be found using (2).

C. Estimation based on area configurations

From previous subsection we have seen that the pa-
rameter n of large-scale propagation models may vary
significantly depending on the presence of shadowers
in a given propagation environment. We took it into
account introducing a deviation parameter X, that
depends on a given environment and must be esti-
mated from measurements. However, in those envi-
ronments where shadowers are rare this may lead to

significant errors due large deviation of n. Thus, the
assumption of circular configuration of areas with the
same RLASS (actually, the range of RLASS) may no
longer hold. To take it into account, in what follows
we propose an approximated model of the landscape
configuration based on estimation of shadowed areas.

Let us assume that shadows are distributed on the
plane according to a stationary Poisson process with a
certain finite intensity A, A < co. The parameter \ de-
termines the mean density of the points and depends
on the landscape. For example, if we consider an ur-
ban area A must be high while dealing with highway
or country-side scenarios A must be low. Poissonian
assumption allow to avoid a detailed geographical de-
scription of the network while improve the accuracy
of the model explicitly taking into account the pres-
ence of shadowers. One should note that the Poisson
assumption can be relaxed when necessary. For exam-
ple, Markov random field can be used instead.

Let us take the following assumptions regarding
shadowers configuration:

e each shadower is of rectangular from with zero
width;

o widths of shadowers are arbitrary distributed;

o heights of shadowers are arbitrary distributed;

o height of transmitter antenna h, is given.

Let us now consider three possible shadow place-
ments that may be caused by shadowers with different
relation between parameters as shown in Fig. 4, where
hs is the maximum shadow length, R is the radius of
the cell.

Fig. 4. Three different shadow configurations.

One may notice from the figure that in accordance
with our assumptions regarding cell environment and
parameters of the shadowers have have to distinguish
between three different cases:

e hy > hg, ds < R—d: in this case the shadow is fully
within the cell;

e hg > hg, dg > R — d: in this case we assume that
the shadow continues up to the border of the cell and
is limited outside the cell;

e hy < hg: in this case we assume that the shadow
continues up to the border of the cell and more up to
infinity.

Since we restricted our attention to only one cell,
from abovementioned considerations one may notice
that that the latter two case are similar to us and can
be considered simultaneously.

Let us firstly determine the area of the shadow
shown in the left part of Fig. 4. To to it consider
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different view of the similar configuration presented
in Fig. 5.

An example of shadow configuration: hg > hs, ds <

One may note from this schematic illustration that
the length of the shadow ds is expresses via initial
parameters as follows:

hs

dy= —°——
hao—hs’
1_ ads

he > hs, ds <R-—d, (9)

where d is the minimal distance between the center of
the cell and shadower.

Taking into account two other cases of the shadow
placement the final expression for dy is given by:

ds = min (%,R — d) . (10)
d

Using (10) the area the shadow is given by:
SS = min(Sds,SR_d), (11)

where Sy, is the area of the segment with radius (d +
ds) minus the area of triangle with height d, Sg_q4 is
the area of the segment with radius (R — d) minus the
area of triangle with height d.

To determine the area of the shadow let us now
consider the Fig. 6.

=

Fig. 6. Another example of shadow configuration: hg > hsg,
ds < R—d.

The area of the shadow presented in Fig. 6 is given
as follows:

y dwg
360° 2

For those cases when h, > hs, ds > R—dor h, < hg
the area is given by:

Sy, = 4m(d+dy)? (12)

s

v dws

360° 2

Finally, the area of the shadow can be expressed as
follows:

Sp_gq = 47 R?

(13)

. Y 2 Yy d'LUS
.= 4 2_ T A7 (d ds _
S mln( ™R , AT ( + ) o)

360° . (14)

The same estimation procedure must be performed
for all other shadowers obtained via realization of the
Poisson process with intensity A. We also have to note
that the overlapping of shadows are also allowed. In
this case the estimation of the shadows is slightly more
complicated due to the fact that every shadow may be
overlapped with more than one adjacent shadows.

For every shadow the ranges of values of RLASS
can now be estimated using Hata-Seidel model given
by (8) with n = ns > 2. However, considering a worst
case scenario there can be shadows whose length d is
only insignificantly less radius of the cell R. So that
the range of RLASS corresponding to this shadow can
be very large resulting in significant modeling errors.
To deal with this situation, in addition to shadow esti-
mation we propose to consider different areas of a cir-
cular form to which shadows can be further classified
as shown in the left part of Fig. 7. New shadowed and
non-shadowed areas are now given by borders of these
circles and borders of shadows as shown in the right
part of Fig. 7. According to it we have several zones
with different RLASS. Each shadow may completely
or partially be within different circles denoting areas
with different RLASS as considered without obstacles.
For non-shadowed areas RLASS can be estimated us-
ing (8) with n = nps = 2, n,s < ns.

Fig. 7. An example of a) different circular areas, b) final areas.

V. CONCLUSIONS

In this paper we proposed an extension to existing
Markovian wireless channel modeling techniques in-
troducing a notion of mobility behavior of the user.
Particularly, we represent a large-scale propagation
characteristics of wireless channels as a mobility-
dependent stochastic process that explicitly tracks the
movement of the user between areas with different
RLASS. Basically, our model consists of two differ-
ent parts: mobility model and large-scale propagation
model. Mobility of the user is modeled by a Markov
chain with finite state space. Large-scale propagation
characteristics of wireless channel is represented as a
function of this Markov chain. Proposed approach
allows to capture large-scale propagation characteris-
tics of wireless channels as a function of mobility of
the user and can be used in performance evaluation of
user’s applications running over the air interface.

We provided three parametrization methods for our
model. Method based on real measurements is based
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of division of the space to areas with different RLASS
using Voronoi tesselation. In those cases when only
a limited information regarding a given landscape is
available we proposed to use parametrization method
based on empirical large-scale propagation models. To
improve the accuracy of the model we developed a
technique that explicitly takes into account the pres-
ence of shadowers in a given environment. Poissonian
assumption regarding the distribution of shadowers on
the plane allows to avoid a detailed geographical de-
scription of the network. It is also allowed to use an
arbitrary point process on the plane instead of Poisson
one.
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