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Abstract

In this article we introduce a stochastic parametric modettie scattered waves, which are frequently observed inreta
sounding measurements. We also propose an estimator fonddel parameters. The proposed model employs a mixture of
angular von Mises distributions which is appropriate farediional data observed in channel measurement campaiyes.
power-delay profile is modeled using an exponential distidm which is also typically observed in measurement cagmsa
The parameters of the exponential and the von Mises disitviteias well as the measurement noise power are estimaied fr
data. This approach leads to a low complexity algorithm asief convergence in comparison to pure deterministic lepde
like those based on the SAGE algorithm.

|. INTRODUCTION

In radio propagation it is usual to classify the signals tieaich the receiver as been originated by specular reflsction
scattering. The specular components usually carry modteopbwer, and are often modeled by a relatively large number
of deterministic signals with unknown parameters. Diffissattering is frequently regarded as noise and neglectéuein
models. However, even though each scattered wave arritbslaw power, the total power of scattering components can
be significant, and even dominant in some scenarios [1].

Deterministic techniques for propagation parameter egion commonly attempt to model the scattered waves with a
large number of discrete waves. This approach leads to nizadion of highly non-linear multidimensional likelihood
functions with many local optima. This requires solving tidilmensional optimization problems and causes convergen
problems. The computational complexity and variance afreges are increased, since parameters of a large number of
waves need to be estimated.

In this article we present a stochastic parametric modehferscattered waves, and we also introduce an estimatdndor t
model parameters. The proposed model employs angular veasMilistribution, which is appropriate for directionaladat
observed in channel measurement campaigns. The anguldioution is modeled as a mixture of von Mises distributions
which correspond to scatterer clusters. Only few pararsater estimated from data, namely the parameters of theidindiv
distributions, namely the mean angle and scatter, as wethasmixture proportions. The mixture model allows for
representation of scenarios where multiple scatterertarsisare present, and also for representation of each claste
a finite mixture of von Mises distributions [2].

The power-delay profile is modeled using an exponentialridigion, which is typically observed in measurement
campaigns. The parameters of the exponential distribitimhthe measurement noise power are estimated.

In order to estimate the scattered waves properly, it is s&ug to remove the specular components from the measured
signal. On the other hand, it is necessary to have an estiafatee covariance matrix of the scattered waves and noise
for the estimation of the specular components. These reqpaints imply that both specular and scattered waves are to
be estimated jointly, and hence we a stochastic maximuniHied method with deterministic methods [3], like in the
RIMAX algorithm. Due to the stochastic modeling of the dféuscattering, a smaller number of specular components has
to be estimated, resulting in smaller variance of the esémand improved convergence. Also, this approach leadswer|
complexity and faster convergence in comparison to purerghiistic models, like those based on the Space Altergatin
Generalized Expectation-maximization (SAGE) algorithfih. [These benefits are due to a smoother likelihood function
and reduced dimensionality of the problem, leading to lowsiance of estimates, reduced computational complesitg,
improved convergence.

Il. SIGNAL MODEL

The base-band representation of the double-directioraadrodl model [5] is used to describe the contribution of sfaeeu
alike (concentrated) propagation paths and a multivartiteular complex normal distributed process to describe th
distributed diffuse scattering of the radio channel.



A. Model for Specular Propagation Paths

This data model is based on the assumption that every spguolpagation path can be described aB,adimensional
(5-D) shift operator on the transmit signal. It shifts the-Signal in the 4 independent angular domains, i.e. transmit
azimuthpr and elevationdr, receive azimuthpr and elevationy, as well as in the time-delay domain Furthermore,
it is assumed that the 5 related aperture domains (frequamdyantenna array apertures) are finite. The periodic ¢xrita
signal is band-limited, and the aperture of the antennaysiisadetermined by their size, which is finite too. Finallyet
parameters are or may be treated as bounded. All angles aneléd to(—, 7), and the time-delay is bounded {0, 7,4
wherer,,.. IS a function of transmit power, free space loss, and receiwise. Under these conditions and considering that
a shift in one domain can also be expressed by the multipitatith a complex exponential in the related aperture domai
the family of exponential functions is sufficient to constra data model for a specular propagation path. For nottion
convenience we replace the shift-parameters of propagatith (component) from the physical model using normalized
shift parameter&ﬁ,’”), which are related to their physical counterpasis,, 91, ¥r.p, Ir,p, and7, by a unique projection

[5].

B. Model for Diffuse Scattering Components

In [5] it is shown, that the observed radio channel consistsomly of specular components but also of diffuse scatterin
components (DSC). Hence, we approximate the radio chartredreationy € CM*! by the superposition of a finite
numberP of specular propagation paths and the realization of a asiithprocess describing DSC and measurement noise.
We assume that the complex vecty, describing the distribution of the observed diffuse sraiy components, is drawn
from a multivariate circular complex white Gaussian precks (0, R;) € CM*1. Furthermore, we model the measurement
noise by a zero mean circular complex Gaussian proggss: N, (0, 021) € CMx1 whereos? denotes the noise variance.
The complete model for a channel observation is given by

y =s(6) + ng + np,. (1)

The vectorn; can be decomposed ag; = w ® h, wherew € CMs*1 is a complex vector describing the delay- or
frequency dependency of;, M is the number of frequency sampldsc CM-M¢*1 js a complex vector representing the
spatial dependency af;, M, is the number of receive antennds; is the number of transmit antennas, andlenotes the
tensor (Kronecker) product. Botr andh are assumed to be independent and drawn from a multivatiaidar complex
Gaussian proces¥. (0,R,,) € CM/*! and N, (0,Ry,) € CM-M:ex1 " ragpectively.

1) Delay and Frequency Domain Characterization: For the delay domain we use the model in [5], which is based on
the observation that the power delay profile has an expaeddicay over time and a base delay, which is related to
the distance between the transmitter and receiver. Let fisedthe sampled version of the correlation functie(d.,),

0., = {a1, B4, 74}, in frequency-domain as
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wherer, is the normalized base delay, is the normalized coherence bandwidth, anddenotes the maximum power.
The covariance matrix of the diffuse scattering in freqyedemain is modeled as a Toeplitz matrix

R, = toep(v(6.), v(6.,)7). (3)

2) Angular Domain Characterization: Using the extended Saleh-Valenzuela (SVA) channel modgblinve can write
E[hh'] as a function of the angular parameters. A similar model igiabd in [2], [7] following a different approach
that is related to the geometry of the distribution of scat®e For simplicity, we will limit the discussion to unirdictional
estimation, but the results can be naturally extended taltheble directional case. We also assume (for simplicitg} &#n
uniform linear array (ULA) is used at the receiver. Then therelation at the receiver side is given by

T

Rimins(On) = [ explby s c05(6)1(6,01)do, )
where f(¢,65,) is any angular PDF o) and characterized by paramet@&s, b,,,m, = j27dm,m,, anddp,,m, is the
distance between elements, andms in the receive array.

In channel measurements it is often found that signals aiéaray from a number of different clusters, especially indba
urban scenarios. This is equivalent to a situation whereatigilar PDFf(¢) in equation (4) is a mixture of distributions,

P

F(8) =" enfo(0), 5)
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Fig. 1. Two-step procedure for joint optimization of specutomponents and diffuse scattering parameters.

where P is the number of clusterizf‘:1 e, = 1, ¢, are unknown mixture proportions, ang(¢) is any valid angular
PDF. An angular PDF must satisf{(6) = f(6 + 2wk) V k € Z. Hence, a Gaussian PDF, which has infinite support, is not
suitable. The von Mises distribution [8] defined in angulaméin is more appropriate. It is defined as follows:

(6) = g explicos(s — ) ©)

wherep is the symmetry center or “mean angle”, ands related to the variance of the von Mises distribution, hew
scattered about the symmetry centecan be chosen between 0 (isotropic scattering)&nfextremely concentrated), and
I(-) is the modified Bessel function of the first kind of order zero.
With this definition of the angular PDF, the angular domairepzeters are defined &, = {up, 5p, tip}, p=1,..., P.
Using (6), the cross correlation in (4) may be written aneally as [2], [7]

= Lo({mp 402y T 2Rpbmymacos ()} 2)

Rimims (Or)=
h,m 2( h) 1;16;0 IO(K/p) (7)
[1l. PARAMETER ESTIMATION
Let us denote by, the m-th observation ofy, m = 1,..., M,. Assumingy is circular complex Gaussian and that the
realizationsy,,, are i.i.d., we can write the likelihood function as "
1 - Hp -1
L(yy,--5ym,) o< —log R, | — MSmX::IYmRy Ym» (8)
where M, is the number of realizations or snapshots, &éhdis the covariance matrix of, given by
R, = E[(y —s(0))(y —s(0))"] = R, ® Ry, + ¢’L. 9)

Direct optimization for all parameters is not feasible dodhe high number of parameters and due to the dimensions of
the matrices involved. Instead we will use an iterative pthoe:

(1) Optimize for the parameters of the specular componesitgjithe previously estimated covariance matrix.
(2) Remove the specular components from data and optimizedaovariance matrix of the diffuse scattering composent
plus noise variance.

Step 2 can also be decomposed in two steps:

(2.a) Optimize for the frequency-domain parameters andeneariance.
(2.b) Optimize for the angular-domain parameters, Vi&th) as calculated in the previous step.

This iterative procedure is illustrated in Figure 1, wherelack diagram of the iterative procedure is given.

The first benefit of the proposed method is the separate gimn of specular and diffuse scattering components,
reducing the number of variables for each local optimizati& similar approach has been investigated in [5], where the
DSC was assumed to be spatially white.

The further decomposition of step 2 into steps 2.a and 2.mpitant due to the high dimensionality of the matrices
involved. This decomposition has been proposed first infBEre no further iterations of steps 2.a and 2.b were coreside
Typical values forM; and M, M, are in the rangel/; = [100,2000], and M, M; = [4,64], but higher values are not
uncommon. This leads @, ranging in dimension from00x400 up to 128000 x 128000, or even higher. The decomposition
is obtained by pre-whitening the observation vector suci tine part of the covariance matrix corresponding to ondef t
domains becomes the identity matrix, keeping the othenpaithanged. As a consequence, the noise covariance mattsois
changed, but no noise correlation is introduced. This foansation decouples both domains, making it possible tintpé
for them separately. In step 2.a the Toeplitz structur@®gf is exploited to reduce computational complexity, and irpste
2.b the reduction of complexity arises from the reductiotthi@ size of the matrices involved frofd ; M, M, x M ¢ M, M,
to M, M, x M, M,. Also, if R;, has a Toeplitz structure it can be explored to simplify fartthe computations.
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Fig. 2. Comparison of (a) estimated power delay profile andah@ower delay profile, and (b) estimated power angulafilprand actual power angular
profile. The curves overlap almost perfectly. Also shownhhié the output of the Bartlett beamformer.

IV. SIMULATION EXAMPLES

In this Section some simulations are presented in orderlustiate the performance of the described optimization
procedure. The receiver has an ULA wiffl, = 8 antennas and the transmitter uses = 1 antenna. The number of
frequency points is\; = 128, and the number of snapshotsig; = 5. For the frequency-domain parameters, typical
values often observed in channel sounding experimentssae: &> = 0.1, a; = 1, 8 = 0.07, and7 = 0.1. The angular-
domain parameters are defined @s= {60°,120°}, x = {10,50}, ¢ = {0.4,0.6}, corresponding to two clusters in the
angular domain.

One specular component is assumed to be present, and it isledoas

s(k) = yc(er) exp(—j2mkT), (20)
where~ is the complex gaing(pr) is the steering vector for receive azimuth anglg, andr is the normalized delay.
For the simulation, the values are setyas 3e/*™/5, pr = 80°, andr = 0.1.

The received signal is generated as

y(k) = s(k) + RY*ny (k) + n(k), (11)
whereR!/? is obtained by the Cholesky decompositionRy§, n» (k) is a circular complex white Gaussian process.

The iterative procedure described in Section Il is repg&téimes, starting with the estimation of the specular comend
and proceeding as indicated in Figure 1. In Figure 2 we coenffag power delay profile (PDP) and power angular profile
(PAP) obtained using the estimation procedure describetthignarticle with the actual PDP and PAP, respectively. The
curves overlap almost perfectly. The estimator providegh{recision estimates for the time-delay distributiongaar
distribution, and specular component. The PAP is compardtd output of the Bartlett beamformer, showing the gain in
using the combined procedure to estimate each signal coempdteratively. The beamformer is only able to estimate the
angle of the specular component, but can not provide anyblsdgbrmation about the diffuse scattering component.

V. CONCLUSION

In this paper we derive an estimator that jointly estimatesgarameters of the concentrated propagation paths and the
distributed scattering component. We propose a two stepepge that alternates between the estimation of the pésesne
of the concentrated propagation paths and the parametéhg afistributed scattering.

The joint angular-delay model for the distributed scatigfieads to a correlation matrix with high dimensionalithigh
prevents direct implementation of a maximum-likelihood (Mstimator. In this paper, computationally efficient noath for
finding the ML estimates are derived. The Kronecker and Tzeglructures of the covariance matrices are fully exphbit
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