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ABSTRACT

The mobile satellite channel has underlying Markovian prop-
erties and can then be represented by a Hidden Markov
model (HMM). A challenging problem consists in estimating
the model parameters from experimental data, especially
when these parameters are not easily identifiable. In these
cases, classification methods like k-means or scalable clus-
tering, which are considered in this paper, show poor results
when applied to the channel signal directly. We show that the
detection of change-points of the signal, i.e. the detection of
transitions between the model states, in a preliminary step,
improves the estimation of the model parameters. We thus
propose a method of model estimation including the detec-
tion of change-points that enables a better modelling of the
satellite channel.

1. INTRODUCTION

Because of mobility of the receptor and/or of the satellite
constellation that results in large variations of transmission
conditions, the modelling of the satellite channel is a diffi-
cult issue. No a priori model, for example as [1] can effi-
ciently model the channel in every context and there is a
need for a method that modelled the channel without making
priors so it can produce a model in any situation. Markovian
models are characterized by their number of states, their
corresponding distributions and the transition probabilities
between states. At each time, the signal is considered to be
the realization of one particular state. In this paper, we pro-
pose a method that enables to evaluate the model of the sat-
ellite channel signal when no knowledge about the signal is
available before the beginning of the estimation process
except the number of states of the model.

Because one observation of the satellite channel does not
generally reveal the state the model currently is, we need to
consider the signal by blocks of measures which we refer as
the analysis window. One histogram is evaluated on every
analysis window and linked to one state distribution of the
HMM. The method used to estimate the HMM is the follow-
ing: histograms corresponding to analysis windows are pro-
jected into a reduced subspace and their projections are then
classified [2, 3]. Therefore, the parameters of the HMM can
casily be estimated because the projection step has reduced
the classification complexity by limiting the number of di-
mensions. The main classification difficulty is to find the
correct length of the analysis window through which the

signal is considered. In this paper, two classification meth-
ods are compared for which the size of the analysis window
is either fixed or variable. When the length of the analysis
window is variable, it means that the sampling of the chan-
nel signal follows the transition between states of the signal
otherwise the channel signal is sampled every fixed analysis
window length. The variable analysis window lengths are
obtained by rupture between HMM states detection with a
Monte Carlo Markov Chain (MCMC) method.

We resort to two classification methods that are detailed in
the second part of this paper. The third part presents the rup-
ture estimation method. The combination of the classifica-
tion with the transition estimation for the HMM estimation
is explained in part 4, followed by the experimental results.

2. CLASSIFICATION METHODS

The classification methods operate onto projections x of the
histograms calculated over analysis windows of the signal.
The projections of one particular state of the model are ob-
served to cluster around a centre position y. That are these
clusters that classification methods aim to identify.

2.1 K-means with the Mahalanobis distance

In the k-means method, the centres of the clusters are
evaluated by successive iterations and the projected points
are classified to the nearest cluster in term of Euclidean
distance between them and the centres of the clusters. After
several iterations, this preliminary rough classification con-
verges and gives quite accurate centre m; and covariance
matrix C; for each distribution. The projected points x are
then once again classified to the nearest cluster but this time
in term of the Mahalanobis distance D; defined as follows:

Di2 = (x-m;) C;'(x —m;) . One advantage of the Maha-
lanobis distance is to take into account the correlation of the
projected points and makes it possible to have curved deci-

sion boundaries (unlike linear boundaries for the Euclidean
distance).

2.2 Scalable Classification [4]

Considering a single cluster C of data, the contribution of
each datum x to the centre y of the cluster, denoted by Py(x)
is expressed by:
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where B is the scale factor
and e,(x) the distance measure between x and y.

The centre of the cluster minimises the free energy of the
system and is satisfying the following relation:
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This equation can not be solved analytically, however its
solutions are equivalent to the fixed points of the following
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Initially a large value of the scale factor B is necessary in
order to consider each data as a single cluster. Along the
iteration process, the value of B decreases up to a value
where every data is considered to belong to the same cluster.

Algorithm:
Initialization:
- Set B to Bimax sSuch as each datum is a cluster.
Iteration:

- evaluate the centre of each cluster by resolution of (2.3)
- identify the distinct centres. The clusters with identical
centre are unified.
- increase iteration index
decrease B: Bi+1=pi/1.05
Iterate until only a unique cluster remain

The simplest metric, used in [4], is the Euclidian measure.
However the projection subspace is characterized by the
associated eigenvalues for each dimension. Injecting this
consideration to the definition of the contribution Py(x)
leads to the choice of the following weighted metric [2]:

z?‘k Xy = Yk)2
e, (x) = X=X (2.4)
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where x, and yy are the coordinates of x and y on the N™
order subspace and A the eigenvalue associated to the k™
dimension.

3. CHANGE-POINTS LOCALIZATION

The purpose of the change-points localization method is to
provide an estimate of the change-points sequence (r,,
n>t>1), i.e. the transition time location between two states of
the model. The method is based on a MCMC (Monte Carlo
Markov Chain) principle.

3.1 Principle [5]

The purpose of MCMC method [6] is to generate an ergodic
sequence (1) of associated distribution f without simulating
(r) directly from f. For an arbitrary starting value r(0), an
ergodic chain (r(t)) is generated using a transition kernel
with stationary distribution f. For a large enough T, 1(T) can
be considered as distributed from f because of the ergodic
theorem. The Hastings-Metropolis algorithm, chosen as the
MCMC method, is based on a conditional density q(x,x") .

The change-points sequence (r;) is null except when a transi-
tion between two states occurs for which r; is equal to one.
(ry) is assumed to be a sequence of independent and identi-
cally distributed (iid) Bernouilly random variables with pa-
rameter A .

Let (7, ) be the sequence of change-points instants: 7, is
the instant ¢ of the change-point £ and y = (y,,t>1) the

observations sequence, i.e. the channel attenuation. Then a
sequence of means (m,)exits such that for

any Tt  +1<t<t, y =my, +g with (¢)a sequence of

zero-mean random process.

In theses conditions, the posterior distribution of » is shown
to be [5]: p(r/y;0) = C(y; 0)e 5% (3.1)

where
y is the observation vector,
C(Y, 9) is a normalizing constant ,
0 = (L, V,c?) the set of hyper parameters with:
e Jthe prior proportion of change-points
e Vthe variance of the Gaussian distribution for the vec-
tor of means (m,; )
o o the variance of the additive noise (&)

\Ys 1 6t +V 1-2
= v=—log(——) +log(—>),
202GV v=3 g( 2 )+ log( x)

n-I K, i —
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3.2 Hastings-Metropolis Algorithm

At iteration i, the Hastings-Metropolis algorithm performs in
two stages:
e a candidate T is proposed from the proposal kernel
q(r',7)
e 7is accepted as the new value for (r), r =7 , with
the probability

p(T/y;0)q(F,1')

a(r',T) = min(l, —— —
p(r' /y;0)q(r’, 1)

(3.2)

At each iteration, candidate sequences T are proposed from
the following four kernels:
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Independent change-points sequence: T is completely
independent from r.

e Creation of a change-point: a new change-point position
is chosen randomly among (1, ) such thatr, = 0.

e Deletion of an existing change-point: a new change-
point position is chosen randomly such thatr, =1.

o Update of one change-point position: two instant points
(t, t) are randomly chosen such that r, =1 andr, =0.

All remaining instant points keep the same value except
these two: §; =1—-1, and G, =1-r,.

For any 7 acceptance, the set of hyper parameters is

updated so that they maximise the complete likeli-
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Hastings Metropolis is run at a fixed and low temperature [5]
in order to discriminate global and local maxima of the pos-
terior distribution p(r/y; 9). Concretely, this induces the re-

placement of (¢,y) by the couple(¢/ T,y /T) . To run Hast-

ings Metropolis algorithm at low temperature enables to
lower the number of necessary iterations before convergence.
This method can give perfect transition estimation but we
would rather reduce the number of required iterations and
obtain every existent change-points plus non-existent ones.
The complexity is then reduced to 5.000 iterations, including
2.500 burn-in iterations, rather than 200.000 iterations, in-
cluding 100.000 burn-in iterations, recommended in the
method used in [7].

r

4. HMM ESTIMATION PROCEDURE

The states of the model are identified by their corresponding
distribution. Histograms are calculated on intervals of the
channel attenuation signal and classified to one particular
state. To reduce the dimensionality of the classification
problem, the histograms are projected into a 2-dimension
space of the mean and variance (in dB). The distributions of
tested signals are then assumed to be identifiable by their
mean and variance. In the following, the signal is projected
according to a fixed analysis window length [2, 3] or to a
variable analysis window length linked to the transitions
estimation.

4.1 Fixed analysis window length

o Projection: the size of the projection window is fixed.
When the analysis window covers a transition between
two states, the resultant projection is referred as an in-
termediate point. Intermediate point projections are lo-
cated between two distributions centres because it is the
result of two different states. They harden the classifica-
tion, i.e. the clusters are less separated. An appropriate
window length is a compromise between a short value
necessary to detect every transitions, i.e. to reduce the

number of intermediate points, and between a large
value to obtain good mean and variance estimate.

o Classification: the projections are classified using one of
the two proposed methods (k-means or scalable cluster-

ing).
4.2 Variable analysis window length

e Projection: every interval between two estimated
change-points is projected onto the mean and variance
(in dB) subspace in order to reduce the classification
complexity. Contrary to the fixed length window, projec-
tions are calculated onto points that we are sure to be-
long to the same distribution. This implies that we dis-
pose of a sequence of change-points location estimate
obtained by the method developed in [3]. False detec-
tions which are obtained with this method are not a
problem as they do not generate intermediate points: it
only divides the signal in smaller windows that can be
classified easily because every points of a particular
window must belong to the same HMM state.

e Classification on ‘safe’ projections: the classification
method operates only on ‘safe’ projections, i.e. it selects
only the projections that correspond to the longest time
intervals. It avoids the presence of poor mean or vari-
ance estimates due to the short length of the analysis
window and makes the classification easier.

o Classification of every projection points: the previous
step gives quite accurate centre and covariance; every
projection points (not only the ‘safe’ one) are then classi-
fied to the nearest distribution’s centre according to the
Mahalanobis distance. If the Euclidean distance is used,
the final result is poorer: some short states are not de-
tected.

5. SIMULATION RESULTS

The signals considered in this paper are generated according
to the Lutz model [1] which is a well-known satellite propa-
gation attenuation model for mobile satellite service context.
The Lutz model corresponds to a satellite channel where the
transmission encounters two main conditions: the LOS state
(Line of Sight) when a direct link exits between the receiver
and the satellite and the NLOS state (None Light of Sight)
when the transmission path is obstructed. The NLOS state is
represented by a Rayleigh distribution, the LOS by a Rice
distribution. Simulations have been carried out on four dif-
ferent experimental signals whose parameters are presented
in the following:

Test 1 Test 2 Test 3 Test 4
Puransition 0.005 0.005 0.01 0.01
O Rayleigh 0.15 0.425 0.425 0.425
Crice 19.4 dB 9.6 dB 9.6 dB 442 dB

The value of pjuusiion 18 given for a sampling time equal to
one. The model estimation is getting harder from test 1 to
test 4. In fact, the 2 distributions are closer in test 2 than in
1, transitions occur more rapidly in test 3 than in 2. And, in
test 4, the distributions are also less separated than in 3.
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Therefore, the classification is tougher for the conditions of
test 4 than for these of test 1.
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Figure 1: result of the rupture estimation sequence

a

original state chronogram

b

estimated chronogram with fixed scalable clustering

c
estimated chronogram with variable scalable clustering

Figure 2: chronograms estimation

Figure 1 shows the satellite channel attenuation (in dB) ob-
tained for test 3. It also presents the results of the transition
detection: non-existent transitions are estimated but each
relevant transition is also detected. Figure 2 presents exam-
ples of chronograms obtained for test 3: the original one (a),
the estimated one with the scalable clustering/fixed window
analysis (b), and the estimated one with the scalable cluster-
ing/variable window (c). It shows that when the transition
estimation, i.e. the variable window analysis, is used that the
chronogram is better estimated; all states are detected and
their lengths are correct. Figure 3.a presents the matching
measure, i.e. the correlation, between the original and the
estimated chronograms. Fig. 3.b gives the percentage of time
when the model is in the NLOS state. The final array, fig.
3.c, provides for the NLOS distribution, the chi-square dis-
tance between the empirical Rayleigh distribution and the
estimated one. This distance is normalised by the minimum
distance obtained over the four methods. Only results of the
NLOS distribution are presented, because the LOS distribu-
tions are always well estimated, considering that intermediate
states are, in practical, classified to the NLOS state and not to
LOS.

The transition estimation enables to improve the model
estimation for both classification methods, e.g. for test 3, the
matching measure, which was only of 80% for the fixed
window length, is around 97% for the variable window
length. The estimated distributions are also better estimated:
e.g. for test 3 with scalable-clustering, the NLOS distribu-
tion is 40 times closer when the variable window is used.
The percentage of time in NLOS state is also more consis-
tent with the expected value, e.g. for test 3, it is around 50%
for the variable window, that corresponds to the empirical
measure, and around 60% for the fixed window.

6. CONCLUSIONS

In this paper, we study the performance of classification
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Scalable-clustering, fixed length 31.2 15 40.7 22
[l K-means, variable length 15 1 1 1
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Figure 3: comparison between the different methods

methods with or without transition detection for the evalua-
tion of the HMM for the mobile satellite channel. When
transition locations are detected, we show that better per-
formances are possible for the estimation of the model. We
thus proposed a procedure which is to add a preliminary
step, i.e. the detection of change-points before the classifica-
tion which is performed either by a k-means or scalable
clustering method. An advantage of this method is also to
avoid cases where the analysis window is considered while a
transition between two states of the model occurs that de-
grade the classification performances. With this method, the
satellite channel is easily modelled and the computational
complexity is reduced.
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