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Abstract—In this contribution we present the results of a study
on land mobile satellite channel models for satellite systems with
multiple satellites. The slow fading of our channel model for sev-
eral satellites is based on a Markov channel state model for joint
processes while the Probability Density Function (PDF) of the
signal amplitude within each state is fitted to the Loo distribution.
The correlation between two satellite channels and the channel
spatial autocorrelation have also been studied. We show that a
channel state model that uses a Markov state model of order one
or of a fixed higher order is not appropriate if the state duration
is of very high importance, which can be the case in the process
of system planning. Therefore, we propose a dynamic higher
order Markov state model for joint processes that depends on the
current state duration. This approach models precisely any PDF
of the channel state duration for both single and multiple satellite
broadcasting systems while having a significantly lower compu-
tational complexity than a fixed higher order Markov model. It
models the channel states of the whole system correctly, as well
as the channel states of each satellite observed independently. It
is able to capture the state correlation between multiple satellites.
We also study possible approximations of the proposed models
in order to reduce their computational complexity while having
a good PDF match. Our channel state models are validated by
measurements.

Index Terms—Channel modeling, Markov processes, multiple
satellite systems, satellite broadcasting.

I. INTRODUCTION

S ATELLITE broadcasting systems allow the coverage of
large areas. The usage of two or more simultaneously

transmitting satellites as in, for example, XM Radio or Sirius
systems, improves the broadcasting reception. Such systems
can capture time, spatial, and frequency diversity. The char-
acterization of the propagation environment is of the highest
importance for the system planning. Usually Land Mobile
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Satellite (LMS) channels are modeled with two processes.
The first process models the slow fading by introducing a
Markov channel state model concept, while the second process
models the signal amplitude statistics. The latter process is
studied in many contributions and is characterized by various
combinations of Ricean, Rayleigh, and log-normal PDFs.
The difference between the models is in the interpretation of
the shadowing mechanism for direct and scattered paths. In
[1] a linear combination of log-normal, Rayleigh, and Rice
models is used to describe the signal amplitude and phase
variations on shadowed satellite channels. In [2] it is assumed
that the amplitude of the Line-Of-Sight (LOS) component
after shadowing is log-normally distributed and that the re-
ceived multi-path contribution has a Rayleigh distribution. A
new shadowed Rice model that shows a similar performance
as Loo’s model [2)] has been proposed in [3]. The Suzuki
distribution has been introduced in [4]. Based on extensive
measurements and on the physical phenomena of multi-path
fading and signal shadowing, a statistical model of the LMS
channel is introduced in [5]. Starting from the two-state Markov
models for two separate LMS channels, a combined model for
two channels is developed in [6]. The parameters of the model
are analytically derived. In [7]–[9] a statistical model capable
of describing both narrow-band and wide-band conditions for
a set of environments and satellite elevations is presented: the
parameters of a three state Markov channel model are extracted
from measurements in S-band and fitted to the proposed Loo
distribution of the amplitudes [2]. The model produces time
series of a large number of signal features: amplitudes, phases,
instantaneous power-delay profiles, Doppler spectra, etc. In
[10] and [11] the propagation characteristics for land mobile
satellite systems from L-Band to EHF-Band are given for
narrow-band and wide-band applications in different scenarios
and environments. A semi-Markov approach for single satel-
lites which is currently part of ITU-R 681 has been introduced
in [12]. There, the duration of times spent in each state follows
the recommended probability distributions. In [13] and [14] in
contrast to traditional multi-state Markov chain based models
no prior assumptions are made on the number of states or
on the statistical distributions characterizing each state. The
sequence of single satellite channel states is blindly estimated
using a Reversible Jump Monte Carlo Markov Chain algorithm.
Although the model shows a good performance for a single
satellite, its extension to multiple satellite systems would have
a very high computational complexity. A comprehensive study
on hidden Markov models is presented in [15]. In [16] the re-
sults of a study on time and spatial fade correlations of signals
from two simultaneously transmitting satellites are presented.
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An overview of the Satellite Digital Audio Radio Services
(S-DARS) systems XM Radio and Sirius is given in [17] and
[18].

In this paper we develop a satellite-to-outdoor channel
model for systems with multiple satellites based on a Markov
state model and Loo distributed channel amplitudes [2]. The
simultaneous measurements of the S-DARS systems XM Radio
and Sirius are studied to obtain all parameters of the proposed
Markov model. In this paper we show that if the parameters of
the Markov channel state model of order one or of a higher fixed
order are used to create the channel state sequence, the corre-
sponding PDF of the State Duration (PDFSD) in general does
not coincide with the measured PDFSD. Therefore, we first
approximate the PDFSD by a piecewise exponential function.
Then we introduce a dynamic higher order Markov channel
state model that is able to reproduce the original PDFSD. This
model improvement is first studied for a single satellite system
followed by the model extension for systems with multiple
simultaneously transmitting satellites.

This paper is organized as follows: Section II introduces
S-DARS channel measurements that are used for the parameter
estimation throughout this paper. In Section III we describe our
channel modeling concept for one and two satellite systems
based on a first order Markov chain. Moreover, we study the
S-DARS channel properties, namely the state duration, the
correlation between satellite channels, and the spatial channel
autocorrelation. In Section IV we show that the measured
PDFSD cannot be reproduced well by a fixed order Markov
model. Therefore we introduce the dynamic higher order
Markov channel state model that shows a good modeling
performance. We provide two algorithms for generating the
channel state sequence with the same PDFSD as the original
channel. Moreover, we discuss possible approximations of the
models in order to reduce the number of required parameters
for the channel state modeling. In Section V we extend the
study to systems with multiple satellites. Finally, in Section VI
we draw the conclusions. In the appendix we explicitly give
the estimated parameters of our channel model for two simulta-
neously transmitting satellites based on the first order Markov
chain obtained from the measured High Elliptical Orbit (HEO)
and GEostationary Orbit (GEO) S-DARS systems for four
different environments: urban, suburban with high buildings,
suburban with low buildings, and a rural environment with
trees. The parameters for dynamic order Markov chain are not
given since they would take too much space.

II. S-DARS CHANNEL MEASUREMENTS

The channel parameters presented in the following have been
validated by measurements of the S-DARS systems XM Radio
(GEO system) and Sirius (HEO system) carried out on various
locations in the USA and Canada for four different environ-
ments: urban, suburban with low buildings (up to 3 floors), sub-
urban with high buildings (more than 3 floors), and a rural en-
vironment with trees. XM Radio and Sirius systems cover the
continental USA and parts of Canada. The active observed HEO
satellites have an elevation angle in the range between 28 and
75 (at least one satellite has an elevation over 64 ), while the

GEO satellites have elevations of 22 and 36 seen from Mon-
treal, Canada. The HEO satellites are switched to the transmit-
ting state for elevations higher than 25 .

The narrow-band measurements of XM Radio and Sirius
systems have been carried out by Fraunhofer IIS, Germany, in
August 2006 in the USA (Kokomo, Indiana, and California) and
Canada (Ottawa, Montreal) by using a selective field strength
meter (Rohde & Schwarz ESPI) with an equidistant trigger
every 0.3846 m. Undersampling of the channel is justified as
this does not affect the PDF of the measurement samples. The
radio frequency signals from the satellites as well as from the
terrestrial repeaters are received by a hybrid active antenna
providing separate outputs for terrestrial and satellite signals.
The center frequencies of the measured channel are in the
range from 2320 MHz up to 2350 MHz, while the nominal
filter bandwidth of each channel has been set to 500 kHz. In
all measurements the signal power from four satellites (two
GEO and two HEO satellites), from terrestrial repeaters, and
the noise are simultaneously measured at every trigger instant
(sample), while the GPS information is stored, allowing to
decide very precisely to which environment the measurement
data corresponds. The environment classification has been per-
formed by visual inspection of the maps based on the obtained
GPS information. In total, around 1 500 000 samples have been
obtained.

III. CHANNEL MODEL FOR SINGLE AND TWO SATELLITE

SYSTEMS BASED ON THE FIRST ORDER MARKOV CHAINS

The satellite-to-outdoor channel has been usually modeled
with a Markov chain process and a statistical model. The
Markov chain process describes the channel states and the
transitions between the channel states while the statistical
model describes the channel variations within each state. For
a Markov chain of finite order the following property holds
for all

(1)

where is the state at time sample , the values form the
state space of the chain, and denotes the conditional operator.

A. Channel State Model for Single Satellite Systems

The first order Markov chain process allows the signal to
be in one of defined states with a probability depending
only on the previous state. This model has been widely ac-
cepted and used in the satellite communication community, e.g.,
[5]–[9]. Since the propagation conditions can in general be LOS,
Non-Line-Of-Sight (NLOS), and in the transition area between
the LOS and the NLOS, the channel state for one satellite is
usually modeled by a Markov state channel model having three
states: the Line-of-Sight (L), Blocked (B), and Shadowed (S)
state. Solid obstacles such as houses, bridges, etc. will most
probably cause total blockage of the signal, while trees typi-
cally lead to a shadowed state. The channel states depend on the
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received signal power , and for a three state Markov model
they are defined as:

(2)

where is the mean signal power in the pure LOS environ-
ment in dBm, and and are the power thresholds defining
the states, both in dB relative to . These values influence
the values of our model parameters and in the following we con-
sider and since similar values have been
used in the literature [5]–[9], [12].

The Markov channel state model of order one can be repre-
sented by a Stationary State Probability Vector (SSPV) that
contains the probabilities of the model being in a certain state
and a State Probability Transition Matrix (SPTM) that
contains all probabilities of transition between the states. As-
suming ergodicity, the SSPV is defined as:

(3)
where , , and are the probabilities of the blocked, shad-
owed, and LOS state respectively, is the number of measured
channel samples being in state , denotes the transpose op-
erator, and is the total number of samples. The measurements
provide always a finite number of samples . For a sufficiently
large finite number of measured samples , the probabilities
can be approximated as

(4)

Similarly, for sufficiently large finite values the SPTM can
be approximated as

(5)

where denotes the transition probability of a state changing
from to , where , is the number of tran-
sitions from state to , and is the number of samples in
state . The SSPV and SPTM are obtained by post processing
the channel measurements, and in general for different envi-
ronments different and are obtained. Similarly as in
equations (4) and (5), in equations (6), (7), (20), (26), and (27)
the probabilities are estimated based on the approximations for
large values of the denominators.

B. Channel State Model for the Two Satellite Systems

For the systems with two satellites, we want to capture the
correlation between the states from the satellites. To this end,
we introduce a Markov state channel model for two joint pro-
cesses. This channel model has nine states, namely all possible
permutations of the line of sight, blocked, and shadowed states
for two satellites as shown in Fig. 1. The green, blue, and red
color denote that the system consisting of two satellites is in the
LOS, shadowed, and blocked state, respectively. For the sake of
simplicity we consider that the channel state of the two satellite

Fig. 1. Markov state channel model for two satellites.

system is the best channel state of the two satellites. The sta-
tionary probabilities denote the probability that the channel
states from the first and the second satellite at the same time are

and , respectively, where , . The probabilities
are estimated as

(6)

where is the number of measurement samples with channel
states from the first and the second satellite being and re-
spectively, and is the total number of considered measure-
ment samples. The transition probabilities between two
consecutive time samples denote the probability of changing the
state of the first satellite from to while simultaneously the
state of the second satellite changes from to . The values

are estimated as

(7)

where is the number of transitions from state
to and is the number of samples in state .
The channel state model for multiple satellites introduced in
Section V is based on this approach. Based on measurements,
we estimate the parameters of the joint Markov state channel
model for two satellite constellations in GEO and HEO in four
environments: urban, suburban with high buildings, suburban
with low buildings, and a rural environment with trees. Both
the GEO and the HEO constellations have two simultaneously
transmitting satellites.

The joint state probability matrix is defined as

(8)
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and the joint state transition probability matrix is equal to

(9)
where the states 1 to 9 are: , , , ,

, , , , and . They are
estimated for all four environments. The first subscript digit of
the transition probability matrix elements denotes the states of
satellites 1 and 2 at one time instance, and the second subscript
digit denotes the states of satellites 1 and 2 in the following
time instance. The numerical estimation results for measured
S-DARS systems are provided in the appendix. The matrices
and are estimated in the following fashion:

• For each measured sample, we determine the channel state
based on its power level and equation (2). After deter-
mining the states of all samples, we obtain the state prob-
ability matrix by applying equation (6).

• For each sample, we test whether the measured power
level crosses the threshold between different states. If the
channel state changes from state to we increase
the counter for that transition by 1 and remember for how
long the state remained the same. The transition probabil-
ities are estimated using equation (7).

The analysis results of the measurements, which are given in
the appendix, show that the channel from HEO satellites is less
blocked than the channel from geostationary satellites while the
opposite holds for the probability of the LOS state. This is due to
the higher elevation of the HEO satellites over the covered areas
which lowers the blockage probability of the LOS signal com-
ponent. The measurement results also show that the urban envi-
ronment has the highest probability of blockage while the sub-
urban environment with low buildings has the lowest probability
of blockage, which is conditioned on the receiver’s surrounding
environment. In all environments many transition probability
elements of the measured S-DARS systems are close to zero,
which can be seen in the results presented in the appendix.

C. The Channel Amplitude Modeling

The time evolution between consecutive samples of the
channel within one state (fast fading) is not the priority in our
study since broadcasting systems with interleavers longer than
2 s are considered. The channel statistics, e.g., the PDF of the
channel fading amplitude, provide the required information
on the channel variations within one state. The amplitude
PDF in satellite-to-outdoor communications for each state is
characterized by various combinations of Ricean, Rayleigh,
and log-normal PDFs [19]. The difference between the models
lies in the interpretation of the shadowing mechanism on direct
and scattered paths. These statistical descriptions are valid
under certain assumptions, for example, that the central limit

Fig. 2. Amplitude PDF fitting for the LOS state for one geostationary satellite
in the urban environment.

theorem holds. In this contribution, the signal variations due
to shadowing and multi-path effects within each individual
Markov state are assumed to follow a Loo [2] distribution with
different parameters for each Markov state. All samples of a
given channel state are used for the statistical modeling of that
particular state: the PDF of the channel magnitudes is fitted to
the Loo distribution by estimating the parameters , , and

which are defined in the following. Loo’s model considers
the resulting signal as a sum of Rayleigh and Log-normal
distributed phasors:

(10)

where the phases and are uniformly distributed between
0 and , is log-normally distributed, and has a Rayleigh
distribution. The log-normal distribution of is defined as:

(11)

where and are the standard deviation and mean, respec-
tively. If is temporarily kept constant, then the conditional
PDF of is Rician:

(12)

where represents the average scattered power due to multi-
path, and is the modified Bessel function of the zeroth
order. After integration over and the substitution of the
PDF of the received signal is

(13)

The parameters , and define Loo’s PDF (13). In Fig. 2 we
show the amplitude PDF fitting with the Loo distribution for the
LOS state of one geostationary satellite in the urban environ-
ment. The measurement values , ,
and of HEO and GEO S-DARS systems for
different environments are provided in the appendix. All HEO
measurements of a given environment are used to extract the
parameters for that environment, in spite of the fact that the
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HEO satellites elevation is time variant. The extraction of the
parameters as a function of the elevation would be more accu-
rate. A prerequisite is, however, that a sufficient amount of data
is available. If an infinite number of measurements is taken, the
averaged parameters of the HEO 1 and HEO 2 satellites tend
to converge to the same values.

We intentionally study two data sets corresponding to two
HEO satellites independently to show that their parameters
differ in general for a given environment. For the two satel-
lite systems the channel states are correlated as introduced
in Section III-B while the amplitudes within the states are
generated independently. This is a good approximation since
we assume interleavers longer than 2 s. Additionally, in the
following section we study the correlation properties of the
channels from different satellites. The estimated correlation
coefficients can be used for creating, for example, a 2-D Loo’s
amplitude distribution with corresponding correlation proper-
ties.

D. Correlation and State Duration Properties of the S-DARS
Channels

In this section we study the correlation between S-DARS
satellite channels, the spatial channel autocorrelation, and the
channel state duration.

1) Correlation Coefficient Between Two S-DARS Satellites:
The correlation between the fading channel coefficients from
different satellites has a strong bearing on the achievable diver-
sity gain. We have measured only the magnitude of the signals
and therefore the correlation coefficient between the received
signals from two satellites of the same constellation (one set are
two geostationary XM Radio satellites while another set are two
HEO Sirius satellites) can be estimated with the following for-
mula

(14)

where and are the magnitudes of the measured channels
from two satellites of the same system, and is the expec-
tation operator. The correlation factors are estimated over mea-
surement segments of 30 wavelengths that are not overlapping.
The PDF of the correlation can be well approximated by a
fourth order polynomial in all environments:

(15)

The coefficients of the polynomial for the geostationary and
HEO satellite system are given in Tables I and II, respectively,
for all four studied environments. As an example, Fig. 3 depicts
the fourth order polynomial approximation of the estimated
PDF of the correlation factor between two Sirius HEO satellites
and between two geostationary (GEO) XM Radio satellites in
the urban environment. By observing the PDFs for different
environments, it can be noticed that they all have very similar
shapes. The PDF of the correlation coefficients between the
geostationary satellites has been shifted to the right when
compared to the corresponding curve for the HEO satellites,
meaning that the channels from the geostationary satellites are

TABLE I
POLYNOMIAL COEFFICIENTS FOR GEOSTATIONARY SATELLITES

TABLE II
POLYNOMIAL COEFFICIENTS FOR HEO SATELLITES

Fig. 3. PDF of the correlation factor between two Sirius HEO/two XM Radio
GEO satellites in the urban environment and their fourth order polynomial fit.

TABLE III
VALUES � IN METERS FOR STUDIED SATELLITES AND ENVIRONMENTS

more correlated. This is a consequence of a lower elevation
angle characteristic for geostationary satellites, which results
in a higher influence of the surrounding environment at the
receiver.

2) Spatial Autocorrelation Function of S-DARS Satellites: In
order to determine the size of the required interleaver at the re-
ceiver we study the spatial autocorrelation function. Of special
importance is the distance , for which the spatial autocorre-
lation drops to the value 0.5: it gives an indication of the inter-
leaver length required to overcome the channel memory effect.
The spatial autocorrelation function is estimated for all mea-
surement runs within one environment. The obtained distances

for the measured S-DARS channels are higher for geosta-
tionary satellites and their values are between 0.38 and 22 me-
ters. Table III summarizes the mean values of (in meters) for
channels from both geostationary (GEO 1 and GEO 2) and HEO
(HEO 1, HEO 2) satellites in all four studied environments.

3) Channel State Duration of the S-DARS Systems: The av-
erage state duration can be estimated with the use of the ma-
trices and , similar as in [6]. We show in Section IV
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that the fixed order Markov chain model is not capable to model
well the state durations. Since the PDF of the state duration (es-
pecially for the blocked state) is an important parameter in the
system planning step, we analyze the measurements to obtain
the PDF of the state duration and approximate it with a piece-
wise exponential function. By using this approximation one can
produce the channel state sequence (with an algorithm intro-
duced in Section IV) for S-DARS systems that is more appro-
priate than the one that would be obtained based on parameters
of a first order Markov chain.

We make no assumptions on the minimum state duration in
order to avoid occurrences where short intervals of very deep
or medium fades are characterized with LOS states and vice
versa, as in, e.g., [7]–[9]. The measurement results show that
the LOS state duration of HEO satellites is longer than of the
GEO satellites due to the higher elevations of the HEO satellites.
The opposite holds for the blocked state duration. The longest
blockage duration of 110 m is measured for each of the GEO
satellites in an urban environment while the longest measured
blockage of the system consisting of both satellites together is
70 m which is a significant reduction. In both cases, such block-
ages require long interleavers to enable reception. In other en-
vironments, the longest measured blockage duration of GEO
system is 10 m, while for the HEO system, the longest mea-
sured blockage duration is 13 m. The longest measured LOS
state duration is 8200 m for the HEO satellite in the suburban
environment with low buildings. LOS state durations of a few
kilometers are relatively often observed in rural and suburban
environments.

The PDFs of the state duration for all environments can be ap-
proximated by a piecewise exponential function with four seg-
ments

,

(16)

where denotes the probability of the state duration , ,
, , and are the marginal probabilities if the state duration

was zero, , , , and are the decaying factors of different
function segments defined with state durations , , , and

expressed in meters, and corresponds to
the minimum measured state duration. Four segments show a
good tradeoff between the accuracy and the number of parame-
ters needed to describe the function. For a more precise approx-
imation, a higher number of segments should be used. Properly
chosen values of , , and ,
ensure the continuity of the function . In Fig. 4 we show
such a fit by using a four segment piecewise exponential func-
tion. The fit can follow only the slow change of the measured
PDF since the exponential functions on the logarithmic scale are
straight lines. In Table IV we state the approximation parame-
ters for the urban environment for all analyzed satellite signals:
GEO 1, GEO 2, and GEO denote the receivers for only the first,
only the second, and both geostationary satellites, respectively.
GEO assumes satellite selection- the best channel state from two
satellites is the state of the whole system. When comparing the

Fig. 4. Piecewise exponential fit of the PDF of the blocked state.

TABLE IV
STATE DURATION APPROXIMATION PARAMETERS FROM EQUATION (16) FOR

THE GEOSTATIONARY SYSTEM IN URBAN ENVIRONMENT

PDFs of the state duration for the GEO, GEO 1, and GEO 2
schemes the following can be observed:

• For the blocked state, the PDF of the GEO scheme has
higher values for small state durations and lower values
for longer state durations. In the GEO scheme with two
simultaneously transmitting satellites, the probability that
one satellite is not blocked is higher than in a single satellite
system.

• For the shadowed state, all PDFs are very similar.
• In the LOS state, the GEO scheme has slightly higher PDF

values than the GEO 1 and the GEO 2 scheme for higher
state durations due to the diversity.

• The PDF decays the fastest for the shadowed state in urban
environments.

IV. THE STATE DURATION OF THE MARKOV CHAIN

BASED CHANNEL MODELS

Thanks to time interleaving in satellite systems only the long
time periods of blockage will result in non-availability. There-
fore, it is of high importance that the occurrences of long block-
ages are well represented by the channel model, i.e., the PDF of
the generated channel blockage duration should be as close as
possible to the original PDF of the blockage duration obtained
from the measured channels. In the process of system planning
channel state sequences generated by the channel model are
used. Without loss of generality, in the following we concen-
trate on the urban environment, as it represents the worst case

Authorized licensed use limited to: TU Ilmenau. Downloaded on December 23, 2009 at 07:14 from IEEE Xplore.  Restrictions apply. 
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Fig. 5. The PDF of the blocked state duration for one GEO satellite and urban
environment based on measurements, theory, and simulation.

with respect to long blockages. First we will study the mod-
eling performance of the state channel models based on the fixed
order Markov chains. In the following, we compare the statistics
of channel state sequences obtained by different channel state
modeling algorithms with the statistics of measured channels.
This comparison will indicate the accuracy of studied modeling
approaches.

For a Markov channel state model of order one, the proba-
bility that the model stays in state for exactly consecutive
samples can be written as

(17)

where denotes the state duration and the sampling in-
terval. In Fig. 5 we show the PDF of the blockage durations for
one GEO satellite corresponding to the urban environment:

• The solid blue line represents the PDF of the measured
channels.

• The green dash-doted line represents the Markov order one
theory based PDF calculated with (17).

• The solid red line shows the PDF of a generated state se-
quence based on the use of the SPTM of a Markov channel
state model of order one. The generated state sequence has
10 000 000 samples. This value is used for all generated
channel state sequences in the following.

Generally, a Markov channel state model of order is able
to match the stationary state probability vector and the mean
state duration. However, as shown in Fig. 5, it does not repro-
duce long blockages that occur in the measurements.

For a higher order Markov model the SPTM can
be estimated similarly as for the order case. In general,
for a one satellite system the SPTM of a full order Markov
model has transition coefficients. Due to the exponen-
tial function, the number of coefficients increases very fast for
increasing order and only a low order Markov model (order up
to a maximum of 10) can be considered. The number of transi-
tion coefficients can be reduced if only two states are considered

, but even in that case the number of transition coeffi-
cients is very large for . In Fig. 6 we show the number
of SPTM coefficients for the full -th order Markov chain for

and as a function of the order .
In Fig. 7 we compare the PDFs of the blockage durations

for one GEO satellite corresponding to the urban environment.

Fig. 6. The number of transition coefficients needed to fully describe the
Markov state model of order �.

Fig. 7. The PDF of the blocked state duration for different order � Markov
channel state models for one GEO satellite and urban environment.

The PDFs are generated via simulations for different Markov
models of order having three states. The corresponding pa-
rameters are obtained from measurements. The following can
be concluded:

• For the theory based PDF calculated with (17)
matches well the blockage PDF of the generated sequence
for as expected, but both do not match well enough
the PDF of the measured blockage duration.

• None of the order Markov models up to is able
to generate the correct blockage PDF. The generated PDFs
are correct up to a duration of samples, and therefore
the curves for higher fit better for low values of .

• At higher state durations, which are of the highest interest
all models with are far away from correctly gen-
erating the measured PDFSD.

• For an exact representation of the PDFSD the order
should be used, where denotes the maximum

state duration in samples. For our urban measurements
. For the corresponding order 284 Markov

model coefficients would be needed which is not a
realistic option due to the high computational complexity.
As already mentioned, Markov model based state models
are not practical for orders higher than 10.

Similar conclusions can be drawn also for the PDF of the
shadowed or the LOS state duration. Due to the complexity
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constraint, in general we can conclude that the classical Markov
model cannot generate the PDFSD that matches the measured
PDFSD. The major problem of the fixed order Markov channel
state model is its incapability of modeling long blockages
that occur in the measurements. A high percentage of samples
with blocked state correspond to long blockages, despite the
fact that long blockages occur relatively rare. In our measure-
ments 48.5% of the samples with blocked states correspond to
blockage durations longer than 20 m, since, e.g., 100 successive
blockage samples correspond to a single blockage duration of
38.5 m. The Markov state model of any fixed order is able to
match only the stationary state probability vector.

In [5]–[9] the mismatch of the PDFSDs comes from the sim-
plified assumption that the appropriate Markov channel state
model is of order one. This assumption is made in order to
have a simple model with a low number of states. The mea-
surement based PDF of the blockage shows higher probabil-
ities for low blockage durations in Fig. 5, lower probabilities
for medium blockage durations, and again higher probabilities
for high blockage durations when compared to the theory-based
probabilities using the Markov state model of order one. This
implies the conclusion that the state transition probability ma-
trix is not fixed. The physical interpretation of this behavior is
the following: the clustered nature of ground objects in urban
environments determines the channel states and such a struc-
ture cannot be completely described by a Markov state chain of
order one. For example, some large objects or sets of objects
lead to very long blockages on the order of 100 meters, which
we cannot obtain in the simulations by using a Markov state ma-
chine of order one. As just concluded, also the fixed higher order
Markov model does not solve this problem. Therefore, in order
to improve the PDFSD match we introduce a Markov channel
state model with a dynamic SPTM.

A. The PDFSD Modeling Based on Dynamic Order Markov
Chains

The Markov channel state model with a dynamic order that
we consider has the SPTM as a function of the current
state duration

(18)

where denotes the corresponding function and we describe it
with the state probability transition tensor (SPTT)

(19)

where is the maximum value of ,
, and is the number of channel states. The cur-

rent state duration (distance) of state at any observed position
equals if the channel has entered state at and did

not change within the interval . The tensor
contains the stacked SPTMs calculated for different
values of the current state duration and its elements are real
and non-negative. They can be estimated from the measurement
data and are in general different for different environments. The
structure of a state probability transition tensor is de-
picted in Fig. 8. The algorithm to obtain the dynamic SPTM
elements is almost the same algorithm as for the Markov state
model of order one with an additional step where the current
state duration has to be taken into account. For the one satellite

Fig. 8. The structure of the state probability transition tensor ��� .

Fig. 9. The PDF of the blocked state duration for one GEO satellite and urban
environment.

system, the dynamic transition probability elements are
estimated as

(20)

where is the number of transitions from state to
after consecutive channel samples in state , and is the
number of channel samples in state given the constraint that
the current state duration is . The algorithm for creating the
channel state sequence based on the state probability transition
tensor can be described in three steps:

1) Assume that the channel enters state at time (therefore
the current state duration is equal to 0),

2) Estimate the channel state at the next time sample by using
the state probability transition matrix given the
current state duration ,

3) Repeat the procedure starting from step 2).
Using this algorithm, the probability that the
model stays in state for exactly consecutive samples can now
be written as

(21)

while the corresponding Cumulative Distribution Function
(CDF) of the state duration for each state is

(22)

The resulting PDF of the blockage duration of the generated
channel state sequence with the SPTT based algorithm which is
denoted by a dashed light blue line in Fig. 9 matches perfectly
the resulting PDF of the blockage duration estimated with (21)
and the measured PDF of the blockage duration. Furthermore,
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Fig. 10. State transition coefficient � as a function of the current blockage
duration [m] for the GEO satellite and urban environment.

the match is also perfect for the PDFSD of the shadowed and
the LOS state. Additionally, the stationary measurement based
probability vector is matched perfectly as well if this algorithm
is used. Therefore, we can conclude that the presented dynamic
order Markov state model can cope well with the state duration
modeling problem.

Although we deal with a fixed set of SPTMs represented by
the SPTT of dimension , the order of this model is
dynamic. This is due to the assumption that the state memory is
reset (the chain order is set to one) after each state change along
the displacement vector. This is crucial for the practicability of
the algorithm, as we reduce the number of full order Markov
model transition coefficients which equals to . In Fig. 10
we show the probability of staying in the blocked state as a
function of the current blockage duration. At a distance of 110 m
it drops to zero since this is the longest measured blockage. Sim-
ilar figures can be obtained for the other transition probabilities
defined in (20). All values of the transition coefficients
can be written in vector form:

(23)

B. Dynamic SPTM Model Approximations

In this section we will introduce approximations of the dy-
namic SPTM model: they model well the PDFSD but have re-
duced number of coefficients.

1) Partial Dynamic SPTM Model: Equation (21) suggests
that only the transition probabilities of remaining in the same
state, namely , and , are needed as a function of the
current state duration to estimate the PDFSD. In addition, mea-
surement results suggest that the values and are very
close to zero, and that the values are rather small. There-
fore, in order to reduce the number of parameters of the dynamic
SPTM model the following approximations can be introduced:

• Only the transition coefficients ,
change as the function of the current state duration, and
therefore have to be estimated for all values of .

• The coefficients , can either be fixed or they
can be changed together with the coefficients by
keeping the respective relative ratio between them con-
stant. They have to be estimated only once for .
In the latter approach, the coefficients are used
to obtain the relative ratios which are then used for all

Fig. 11. The PDF of the blocked state duration of measurements and dynamic
SPTM models.

, . For that approach, the tran-
sition coefficients for the blocked state are estimated as:

(24)

Similar sets of equations with different subscript indices
are valid for the shadowed and the LOS state.

Assuming these approximations and probability vectors ,
, and that are estimated from the measurements, we

obtain a PDFSD that matches well the measured PDFSD. The
PDF of the blockage after using this method is shown in Fig. 11
(denoted with “partial dynamic SPTM”) and it overlaps the mea-
sured PDF of the blockage duration. A perfect PDFSD match is
achieved also for the shadowed and the LOS state duration. As
a consequence, the mean state durations also coincide. There-
fore, we can conclude that the partial dynamic SPTM model
allows to reconstruct the PDF of the state duration very pre-
cisely. For our measurement data, it has approximately as many
coefficients as a fixed order full Markov model but it
models the PDFSD much better. The full dynamic SPTM model
based channel has more information about the channel, which is
responsible for the long term channel behavior. It contains the
information of the exact transition probabilities obtained from
the measurements while the partial dynamic SPTM state model
contains some exact and some approximated coefficients. Nev-
ertheless, the partial dynamic SPTM state model is able to match
perfectly the PDF of the state duration and the mean state dura-
tion.

2) Approximated Partial Dynamic SPTM Model: Now we
study how the amount of information necessary to represent
the proposed partial dynamic SPTM model can be reduced fur-
ther, while still keeping a good match between the simulated
and the measured PDFs of the state durations. The partial dy-
namic SPTM model has as input parameters vectors ,

. As an example, the maximum blockage du-
ration of the GEO 1 satellite in our measured data in the urban
scenario is 109.2 m which corresponds to 284 samples (samples
are equidistant with a distance difference between consecutive
samples of 0.3846 m). This means that the vector should
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have 284 values to allow the exact reproduction of the mea-
sured PDF of the blockage. The idea is to approximate ,

by only a few coefficients. We consider two ap-
proaches:

1) Staircase approximation: we pick a small subset of
values , where

, and , that are pos-
sibly different for each state . The values ,

between the chosen subset points
and are set to the fixed value . The
approximated vector obtained by using this method
is compared in Fig. 12 with the complete description of
the vector according to Section IV-A. One set of
positions that provides a good fit for our measure-
ments is . As a rule
of thumb, the values should be picked denser for low
state durations since in this region they show the biggest
change. The resulting PDF obtained by the channel state
sequence generation based on this method is depicted
in Fig. 11 and denoted with “staircase approximation”.
The PDFs do not exactly match the measured PDFs of
the blockage duration: the generated PDFs match rather
the slow change of the measured PDFs. Despite the low
computational complexity of this approach and the small
set of parameters, the result is still better than any of the
results based on the fixed higher order Markov model
from Fig. 7.

2) Piecewise linear approximation: the staircase approxima-
tion can be improved if the intervals between the chosen
subset points ,
are approximated by piecewise linear functions as
shown in Fig. 12. For the piecewise linear approxi-
mation of we used only 8 points at state durations

. As shown in
Fig. 11 the generated PDF matches quite well the mea-
sured one. It is able to reproduce to some extent also the
long blockages. The match cannot follow the fast changes
of the PDF; it follows only the slow change in the PDF.
The sum of the PDFs of the measured and the generated
sequences for all current state durations longer than 20 m
has almost the same value. When an extremely high
number of the measured samples is analyzed, the PDF
has a smoother shape. In that case, the linear piecewise
fit or some other simple fit would perform even better
leading to a better match of the generated PDFSD. One
can argue that the transition vectors obtained with
this approach still have the same number of elements as
the full transition vectors since the elements between the
chosen points have to be estimated by interpolation. The
advantage lies in the fact that only a few coefficients are
enough to approximate the missing ones and therefore it
is beneficial for channel modeling.

Since a good model of the blockage state duration is of the
highest priority we could consider that only the blockage tran-
sition coefficients are dynamic. Such a model will not be
able to precisely model the PDF of the shadowed and the LOS
state duration, but due to the very small number of coefficients
it can be considered as an alternative solution.

Fig. 12. Transition coefficient � and its approximations as a function of the
current blockage duration.

In the following we will extend the dynamic SPTM approach
to satellite systems with multiple simultaneously transmitting
satellites. Before we come to that point we describe the PDFSD
based state channel generation algorithm which has a low
computational complexity (lower than the computational com-
plexity of algorithms based on the dynamic SPTM
just described) and provides a perfect match of the PDFSD
(overlaps the dashed light blue curve in Fig. 5). If extended
to systems with multiple satellites, the relative difference in
computational complexity between two approaches disappears.
The advantage of the dynamic SPTM based model is that it
gives better insight in the modeling problem.

C. PDFSD Based Channel State Generation Algorithm

The algorithm needs as input the SPTM based on the Markov
channel state model of order one as well as the measured
PDFSD and can be described in four steps:

1) Assume that the channel enters state at distance .
2) Based on the PDFSD, generate the state duration of

state . The channel samples in the interval are
characterized by the fixed state .

3) At time the state will change into state ,
, based on the state probability transition matrix.

4) We set and , and repeat the procedure
starting from step 2).

Similar approach is mentioned in [12].
Due to equation (21) and the shape of in Fig. 10

the PDFSD can be approximated by the piecewise exponential
function as in Section III-D3.

V. THE PDFSD MODELING FOR MULTIPLE

SATELLITE SYSTEMS

In order to achieve additional diversity gains, satellite con-
stellations with multiple satellites in different orbital positions
are used. The channels from simultaneously transmitting satel-
lites are correlated to some extend, depending on the angular
distance between satellite elevation angles [20]. Therefore, the
LMS channel model should take into account the correlation be-
tween the satellites. For satellite systems consisting of more than
one satellite, we define the state of the satellite system as the best
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Fig. 13. Two satellite system. The PDF of the system blockage duration.

state out of all satellites (selection combining). Here, also Max-
imum Ratio Combining (MRC) can be considered due to better
accuracy, but we assume here satellite selection combining due
to its simplicity. Since the measurements from only two simul-
taneously transmitting satellites are available, we studied in de-
tail the state modeling approach for the two satellite model in
Section III, and based on these findings we propose in this sec-
tion the modeling approach for multiple ( 2) satellite systems.

If the satellite channel states had been modeled independently
with an order Markov state model, the PDF of the system
blockage duration would not match the measurements as shown
in Fig. 13. System blockages longer than 15 m can be hardly
generated. If the satellite channel states had been modeled in-
dependently with dynamic higher order Markov state models,
the system PDFSD would look close to the original PDFSD at
lower blockage durations, but would not be able to match well
the PDF for high blockage durations (we do not show this line
in Fig. 13 in favor of better visibility). The long blockages are
not very well matched due to the independence of the satellite
states which leads to the maximum diversity gain, although that
is hard to achieve in reality. In that case, the correlation between
the states from different satellites is not captured.

Now we introduce a dynamic order joint Markov channel
state model for multiple satellites in order to cope with this
problem. In Section III we have introduced the Markov state
joint model for two satellites and in Section IV we have intro-
duced the dynamic SPTM model. Now we combine these two
models. For multiple satellite systems, we describe the model
by the system state probability transition tensor (SSPTT):

(25)

where , is the number of states per
satellite, and is the number of simultaneously active satellites.
For satellite systems consisting of simultaneously transmit-
ting satellites, the stationary probabilities denote the
probabilities that the system state is . The system is in
the state if the state of -th satellite is , where

for the case. The probabilities
build the stationary state probability matrix and
are estimated as

(26)

where is the number of measurement samples cor-
responding to the state and is the total number of
considered measurement samples. The transition probabilities

between two consecutive time samples
denote the probability of changing the system state from

to given the current state duration of
state . The values are estimated as

(27)

where is the number of transitions from
state to and is the number of
samples in state , with the constraint that the current
duration of the system state is . The number of states
should be kept low enough since the number of transition prob-
abilities in the system state probability transition matrix for one
value of is equal to . Therefore, for systems with many
satellites, only two states in the channel state model, namely the
blocked and the LOS state, could be considered. Similarly as in
the case of the one satellite model, this model has a dynamic
order. The state sequence generation algorithm from is
exactly the same as the corresponding algorithm for one satel-
lite presented in Section IV-A. Generating the channel state se-
quence of two satellites jointly using this algorithm results in the
PDF of the system blockage duration as depicted by a dashed
light blue line in Fig. 13. It coincides with the measured system
PDF of the blockage duration. In addition, this algorithm per-
fectly matches the duration of the shadowed as well as the LOS
state and the PDF of the state duration of each satellite indepen-
dently. This model is able to capture the state correlation be-
tween multiple satellites and generates a system channel state
sequence with the same correlation properties.

To emphasize the need that the order of the joint Markov
channel state model is dynamic, we plot in Fig. 13 also the PDF
of the blockage for the joint Markov channel state model of
order . The corresponding PDFSD of the generated state
sequence represented by the dash-doted green curve is far away
from the correct PDFSD.

A tradeoff between computational complexity of the model
and performance has to be considered for systems with more
than 5 satellites. As already stated, the number of transition
probabilities in the system state probability transition matrix for
one value of is equal to . Even if we reduce the number of
states to for there are more than 1 000 elements in
the SPTM that should be estimated as a function of the current
state duration . This is not practical and demands a very large
number of measured samples. For satellite systems with more
than 5 satellites, an approximated model can be introduced. It
focuses on perfect modeling of the system blockage which is
the critical system state. Instead of estimating the whole STPM
as a function of the current state duration, we only estimate one
element in the STPM that corresponds to the system blockage
(for a two satellite system it corresponds to the element )
as a function of the current state duration . All the other tran-
sition elements in the corresponding STPM are scaled by using
the constraint that the sum over each row in the STPM should
be equal to 1. Such a model is able to model well only the PDF
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of the system blockage duration and the mean state durations of
each satellite independently, but that should be already enough
to perform correct system planning with respect to the target
system availability.

The PDFSD based channel state generation algorithm from
Section IV-C can also be extended to multiple satellite systems:
each system state can be defined by the permutations of states
from different satellites. Then, the separate PDFSD is needed for
each system state duration, where the number of system states
grows exponentially with the number of satellites.

When the system state sequence generation is of major in-
terest, we can first map the measured channel states from dif-
ferent satellites into the system state by using, for example, the
satellite selection combining or MRC combining, followed by
the models based on the state probability transition tensor for
one satellite introduced in Section IV-A or on the PDFSD based
modeling approach from Section IV-C. This approach gives a
perfect match of the system state duration (it overlaps the dashed
light blue line in Fig. 13) but is not able to generate the channel
state sequence of each satellite separately and can be useful in
the process of the system planning. This modeling approach can
be very interesting for satellite systems with a large number of
satellites, since the computational complexity of the model does
not grow with the number of satellites.

VI. CONCLUSIONS

In this paper, we develop a satellite to outdoor channel
model for satellite systems with one satellite and with multiple
satellites based on measurements. We conclude that the Markov
channel state model of fixed order is not able to generate the
channel state sequence such that the generated PDFSD matches
the measured PDFSD. Therefore, we introduce a dynamic
higher order Markov state model for one satellite that can
handle this problem, and we extend this model to multiple
satellite systems. This approach models well the channel
states of the whole system as well as the channel states of
each satellite observed independently. It is able to capture the
state correlation between two satellites and to transfer it into
the generated system channel state sequence. We show that
the proposed model can be approximated by a small set of
parameters, which is useful for channel modeling purposes.
In case of satellite systems with more than 5 satellites, the
dynamic SPTM model can be computationally too complex.
For such systems an approximate model is proposed. The
statistical model describes the channel variations within each
state: the PDF of the signal amplitude within each state is fitted
to the Loo distribution. The PDF of the state duration is well
approximated by piecewise exponential functions in all studied
environments.

APPENDIX

ESTIMATED MODEL PARAMETERS

In this appendix we provide the numerical values of the esti-
mated channel model parameters, namely the state probability

matrix , the state transition probability matrix , and
Loo’s model parameters , , and for all four studied en-
vironments and both HEO and GEO satellite systems. GEO 1
and GEO 2 refer to the first and the second geostationary satel-
lite, while HEO 1 and HEO 2 refer to the first and the second
HEO satellite. Please note that in the matrix the state where
both satellites are blocked (double-blocked state) is in the upper
left corner, while the state where both satellites are in the LOS
state is in the lower right part. A similar notation is used for

: the transition probability from the double-blocked state
to the double-blocked state is in the upper left part of .
Also note that the estimated state probability matrices and the
estimated state transition matrices are not strictly symmetric due
to the limited number of data samples.

A. Urban Environment
1) HEO:

2) GEO:
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B. Suburban Environment With High Buildings
1) HEO:

2) GEO:

C. Suburban Environment With Low Buildings
1) HEO:

2) GEO:

D. Rural Environment
1) HEO:

2) GEO:
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