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Abstract—In this paper we derive an estimator for both time-  being considered. The MIMO channel matrix may be de-
delay and angular channel propagation parameters of the dftise  scribed analytically as a function of the parameters of the
scattering component that is frequently observed in chanre underlying random processes. In [9], this model has beeth use

sounding measurements. The joint angular-delay model lead : . .
to correlation matrix with high dimensionality, which prev ents for estimation of angular channel propagation paramekers,

direct implementation of a maximum-likelihood (ML) estimator ~ No information from time-delay domain channel propagation
using finite precision arithmetics and finite memory resoures. parameters is used by the estimator.

We derive low complexity methods for computing the ML In this paper we derive an estimator for the diffuse scattgri
estimates that exploit the structure of the covariance matices. component that estimates both time-delay and angular ehann

The estimator is based on a two step procedure: first, the . I
parameters of the power delay profile are estimated, as well Propagation parameters. The power-delay profile is modeled

as measurement noise power. Then, using the estimated time-USing an exponential distribution, which is typically ohsz
delay parameters, the parameters of the angular distributbns in measurement campaigns. The power angular profile is mod-

are estimated. We present simulation results and compare #h eled using a mixture of Von Mises distributions. The mixture

estimated time-delay and angular distributions to the actal istihytions are employed in order to estimate the propaga

distributions, showing that high precision estimates are btained. . . - . .

parameters in scattering environments with multiple elsst

of scatterers with high fidelity [9]. The estimation proceslu

is divided in two steps. We propose a two step procedure to
In radio propagation it is usual to classify the signals thaktimate the power-delay profile and power-angular profile.

reach the receiver as been originated by specular reflectigtirst, the parameters of the exponential distribution meti

or scattering. The specular components usually carry mfostdelay domain are estimated, as well as measurement noise

the power, and are modeled by a relatively large number pbwer. Then, using the estimated time-delay parametegs, th

deterministic signals with unknown parameters [1]. Scalte parameters of the angular distributions in angular domeen a

is frequently regarded as noise and neglected. Howeven, e¥gtimated.

though each scattered wave arrives with low power, the tivera The joint angular-delay model leads to correlation matrix

sum of scattering components can be significant, and ev@ith high dimensionality, which prevents direct implemen-

dominant, especially in non line-of-sight (NLOS) situaio tation of a maximum-likelihood (ML) estimator using finite

This behavior has been observed in measurement campaigigision arithmetics and finite memory resources. We deriv

such as [2]. Also, in capacity studies of MIMO systems thisomputationally efficient structures for computation af L

NLOS component is of high importance, and hence it isstimates that take full advantage of the structured caneei

necessary to derive estimation methods that are suitable fieatrices.

the stochastic nature of this component. This paper is organized as follows: in Section Il we describe
Deterministic techniques for propagation parameter esthe signal model used in this article. In Section Il the

mation [1] commonly employ models with large number ofechnique for parameter estimation is described. Finatly,

discrete waves. This approach leads to maximization ofthighsection IV we present simulation results and compare the

non-linear likelihood functions with many local optima, ish  estimated time-delay and angular distributions to the actu

causes convergence problems. The computational complexitstributions.

and variance of estimates are increased, since paramédters o

a large number of waves need to be estimated. In addition, it Il. SIGNAL MODEL

has been observed in [3] that, in case of diffuse scattering,assuming)/, antennas at the receiver afd, antennas at

deterministic estimation techniques using the discrete rghe transmitter, the signal at the receiver is given by
model may lead to some undesired artifacts. In [4], [5], a

scheme has been proposed for estimation of time-delay domai Y (t) = Hw(t) * u(t) + N(), Q)
behavior of this diffuse scattering component.
Typically isotropic scattering is employed in channel mede

I. INTRODUCTION

whereH is the M, x M, spatial channel matrixy(t) is the
[6]. The channel model considered in this work is suitabte f¢nannel impulse responsle(t)Gls the transmitted signal and
non-isotropic scattering model, i.e., nonuniform disttibn of ¥ (t) IS Zero-mean complex Gaussian noise. We can write
angles of arrival. The model stems from the MIMO channel y(t) = hw(t) * u(t) + n(t), )
correlation model presented in [7], but it is also equivalen

to the channel model obtained in [8] for the system setwpherey(t) = veqY(¢)), h = vedH), andn(t) = vedIN(¢)).



We can avoid the complexity due to the convolution betweek Delay and Frequency Domain Characterization
the channel impulse response and the transmitted signal by, the delay domain we use the model in [5], which is
expressing ve@ (1)) in the frequency domain. In frequencypased on the observation that the power delay profile has an
domain the signal at the receiver can be expressed as  gyponential decay over time and a base delay which is related
- to the distance between the transmitter and receiver. Tepo
¥(f) = hw(f)u(f) + n(f). 3) delay profile for infinite bandwidth is given by

We assume that the excitation sigmélf) is a multi-carrier

/!
spread spectrum signal (MCSSS) [5], which is designed such ) 0, TS Tt/i
thatu(f) is constant in the bandwidth of interest. Hence, the ¥(1) = Ellw(n)["] = ¢ a1/2, T ()
expression above can be further simplified to are Bar=ma) > T
y(f) = hw(f) +n(f). (4) whereB, is the coherence bandwidth; denotes the maxi-

mum power, and- is the base delay.

Let My be the number of observed frequency samples. WeThe related power spectrum density is given by the Fourier
then define thell, x 1 vector) as transform of (7) as

y(0) hw(0) + n(0) M —jemafT
Y | VAS) = G P ®)

y(Mf' —1) hw(M; — 1)'+ n(M; —1) ®) where 34 = By/(M/ fo) is the normalized coherence band-
' width, and f, is the measurement center frequency. Let us

=w®h+m, define the sampled version of the correlation functdA,, ),
where w = (w(0) ... w(M;— 1)]T, n = 0w = {a1, fa; 7a}, In frequency-domain as
[nT(©0) ... oT(M;—1)]", M, = M.MM;, and ® (0,)=2 1L i e 92m(My=1ma ©)
viOu)=— 7% 75 o .=l
denotes the tensor (Kronecker) product. Mg |Ba Ba+ ]f_ff Ba +]27TM]{4_fl

The channel sounding technique assumed in this work is
based on time division multiplexing of each transmitter andgherer,; is the normalized base delay.
receiver antenna, like in PropSound channel sounder [1].Since the process is stationary in frequency domain, the
This particular structure makes it possible to separate tberrelation between components at different frequencies i
contribution from each transmitter and receiver antenna. given by

The defined channel matrix represents the combination of all U(f1, f2) = ¥(f1 — f2), (10)
waves that impinge on the receiver array after being refiiecte . _ . L
by the surrounding scatterers. Deterministic maximumlitike @1d hence the covariance matrix of the diffuse scattering is
hood estimation techniques such as SAGE based [1] repred8fgeled as a Toeplitz matrix
the received signal as a combination of several discretesvav C, = toep(v(é)w), V(ew)H)_ (11)
Consequently parameters from a large number of waves must
be estimated. Hence, the algorithms often have convergeBceAngular Domain Characterization
problems and the estimates contain artifacts due to IocaIUSing the channel model in [7], [9] we can wrifé(hh”]

minima in likelihood function. as a function of the angular parameters. It is assumed that th
The following assumptions are employed throughout thigcejver is surrounded by a large number of local scatterers
article: and that the waves reflected by different scatterers artitheea
(a) if present, specular and line of sight components are estrray with the same power. A similar model is obtained in [8]
mated separately and removed from the signal (Rayleifgllowing a different approach, based only on the statitic
fading channel); properties of the received waves, and not constrained to a
(b) the received signdl is a zero-mean complex temporallyspecific geometry of the distribution of scatterers.
white circular Gaussian process; For simplicity, we will consider the correlation at the
(c) the channel is constant during one measurement cyalegeiver only, and thus we assumié¢; = 1. However, the
and we assum&h] = 0 and E[w] = 0. techniques can be naturally extended to double-diredtiona
(d) the additive noisa is a white zero-mean circular com-estimation. The cross-correlation between any two MIMO-sub
plex Gaussian process with known covariance matrighannels is given by
C, = E[mm’], and independent of ® h. .

1
From assumption (b), the PDF of the received sighiab pim = Elhihy] :/ exp(bim cos(@)) f(¢)dd,  (12)

completely characterized by it®, x M, covariance matrix o
B H1 _ \H where(} is the path lossf (¢) is any angular PDF o, b, =
C, = EYY"] = E[(w @ h+m)(w @ h+m)"] j2ndim, dim is the distance between elemehtndm in the
= Elww!] ® E[hh] + E@n"] (6) receive array, and, is thel-th element oth.
—C, ®Cy + 0’1 In channel measurements it is often found that the signal

is received as coming from a number of different clusters,
wherel is the M, x M, identity matrix. specially in bad urban scenarios. This is equivalent to a



) == x=0 i.e., C, = I. The method exploits the Toeplitz structure of
’ A C,, for the computation of the ML estimates, reducing the
computation complexity by avoiding the direct computation
of determinants and matrix inversions. Unfortunately inat
possible to directly extend the method for joint estimatidn
Cy, Cy, andC,,, sinceC, in (6) is not Toeplitz in general.
Also, direct optimization of the likelihood function usir(§)
is not feasible due to the high dimensionality of the matrice
involved. Typical values fotM; and M, M, are in the range
M; = [100,2000], and M, M, = [4,64], but higher values
can be used. This leads @, ranging from400 x 400 to
‘ 128000 x 128000, or even higher.
05 1 We propose an estimation method that reduces the compu-
tational complexity by calculating the estimates in twagpste
(a) Optimize for the frequency-domain parameters and noise
variance using the algorithm in Section IlI-A.
(b) Optimize for the angular-domain parameters using the
procedure in Section IlI-B, withC,, as calculated in
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Fig. 1. Von Mises PDF for different values &f with . = 0.

situation where the angular PDF¢) in equation (12) is a
mixture of distributions,

P the previous item.
F@) = epfol9), (13)  with this two step procedure it is possible to exploit the
p=1 Toeplitz structure ofC, for the computation of the ML

estimates. The covariance matrix to be manipulated in step

where P is the number of clusters ,_, ¢, = 1, ¢, are (b) is C;, only, which is typically much smaller tha@,,.

unknown mixture proportions, anf},(¢) is any valid angular
PDF. An angular PDF must satisf{(d) = f(6 +27k) V k € A. Frequency-Domain Parameters
Z. Hence, a Gaussian PDF, which has infinite support, isap estimator for the frequency-domain parameters defined
improper. The von Mises distribution [10] defined in angulaf, section 11-A is derived in [5]. In [5] it is assumed that
domain is more appropriate. It is defined as follows: the channel covariance matrix has the structje= (C,, +
1 021) ® 1, i.e., the channel is assumed to be spatially white.
fole) = 2l (k) exp(k cos(¢ — ), (14)  This is a special case of the situation depicted in equasn (
We will use the estimator in [5] to provide an estimate
of the frequency-domain parameters prior to estimation of

X i ) angular-domain parameters. Even though we expect a loss
concentrated), and,(-) is the modified Bessel function of the g R d P

frst kind of ord Th 4 £ th Vin performance due to correlation in angular domain, this
Irst Kind of order zero. The representation power of the V§gg should not be significant, since the estimator has been
Mises PDF for different scattering environments is illagd

successfully applied to data originated from measurements

in Figure 1 for several values Qf This representation assume roviding reasonable estimates even in (possibly) cagéla
the antenna elements are either omni-directional or that hvironments

product of the antenna pattern and the actual angularllistri

X ; i T Because of the whiteness assumption, the signal received
tIOF(] c:);m be modeled by the mixture von Mises distributiong,m, each antenna is considered as an independent reatizati
in (13).

of the diffuse scattering process. Let us definehex M, M,

Using (13) and (14), the cross correlation in (12) may Bg4ix X/ whose columns are the signals received by each
written analytically as [7], [9]

where i, is the symmetry center or “mean angle!,can be
chosen between 0 (isotropic scattering) amd (extremely

antennan,., m, = 1, ..., M,. Since for the frequency-domain
P 2 12 1 estimator the diffuse scattering is assumed spatiall hit
Io({kZ + b7+ 2K,b, COS 2 X N g ; P y evn
E[nh;] = Z €p sy + Vi r’ ()} ). (15) each column oKX’ is considered as an independent realization
p=1 To(p) of the random process. Assuming we halk independent
1. PARAMETER ESTIMATION measurements, we deﬁ_ne the extenﬂéﬂx_Mr_MtMs matrix
_ X whose columns are independent realizations of the diffuse
Let us denote by),, the m-th observation ofy, m = scattering.
1,..., M. Assuming) is circular complex Gaussian and pgaseq on the definitions above, the estimator in [5] is
that the realization/,,, are i.i.d., we can write the likelihood 5 maximum likelihood estimator that maximizes the log-
function as M. likelihood function
L. V) o~ log|Cy| = - S VHC; Y, (16) Ly o< —M, M, M;log(det(Cy(0,) + o2I))— a7
S m=1

_ o _ —tr(X*(Cp(0,) + 021) ' X)
where M is the number of realizations or snapshots. We will )
also assume the noise is circular complex white Gaussidn wi: Angular-Domain Parameters
varianceo?. Assuming the number of mixture components in angular
In [5] a method is proposed that estimat€s, and the domain, P, is known, the angular parameters are the pa-
noise variance assuming the input signal to be spatiallyawhirameters of the mixture of von Mises distribution®;, =



{¢1,k1,€1,...,0p,kp,ep}, p=1,..., P, with 25:1 €p = Further simplifications are possible if we take into account
1. Due to the model in (6), the path lo€sis already estimated that C,, is fixed while optimizing forC;. Clearly, is not
as part of the delay-domain parameters, and hence we usertbeessary to calculat®’ @ V/ and the multiplication of
constraintQ) = 1. the resultingM, x M, matrix by ), at every iteration of
For the angular-domain parameters we follow an approat6), sinceV,, and),, are fixed. In order to simplify the
similar to [9], but using the frequency-domain parametepoblem, we will define the transformed signal
calculated previously. This division in two steps simpifibe - _
optimization procedure, since the parameter space is egguc Vi = (AL 2V @ Laga1,) Vi (26)
but we still have not solved the problem of calculating the The covariance matrix o¥,, is given by
determinant and inverse @, at every iteration. C1jaH " 12
These computations can be simplified by writifiy as a Cy = (Ay, " Vi @ L) B[V Vi |(Viw Ay~ @ Tas,aa,)

function of its eigenvalues and eigenvectors. Let us defiee t = (I,;, ® V;,)(In, ® Ap +02AL" @ Tng,)
matrix V,, whose columns are the eigenvectors@f, and Ty, ® V)
the matrix A,, containing the eigenvalues @, in its main Mj /e 27)

diagonal. We can write
I The covariance matriCy is block diagonal, implying that
Cy=VyAyVy, (18) blocks of M, elements ofy,, are uncorrelated. Also, there is
where we have used the fact that the eigenvectors ofn@ Kronecker product between the eigenvalue€gfandCy,
Hermitian matrix are orthogonal. Similarly, we can also defi what simplifies numerical implementations. Consequentdy,
Vu, Aw, Vi, and Ay, such that will estimate the angular parameters usjig instead of),,.

The likelihood function fory,, is given by

Cu =V, A, VH (19) I,
_ H _ _ 1 < — _
Ch_VhAth' (20) L(yl,...,yl\,fs)O(—10g|C§|—ﬁ ZyZC;lym
S m=1

Substituting (19) and (20) in (6) yields
C, = (VoA VE) @ (Vi ALV + 021
= (Vo @ Vy)(Aw @ Ay +02D)(VE o V).
Comparing (21) with (18) we conclude that

(28)
(21) Let us define theV/, x M, diagonal matrixA as
A=y, @ Ap+02A," @I, (29)

and theM, x 1 vector A = diag/A). Now we can write the

Vy=V,@V, (22)  Jikelihood function in (28) as
Ay = A’u) ® Ah + O',rQLI (23) M.
We can exploit the Kronecker structure of the eigenvalues L1, ... Vm,) x — Zlog Aj
and eigenvectors dof, to simplify the optimization procedure. j=1
This allows us to compute only the eigenvalues and eigenvec- 1M, (30)
tors of C,, andCy,, and then obtaiV, andA,. The logarithm - Z V., (Iy, ® Vh)A_1
. M mA\My
of the determinant o, can now be calculated as ® m=1
o
log|Cy| =log(|Vy ® Vi||Aw ® Ap, + 21| [VH @ VE)) (T, ® Vi) Vi
M, Let us define thel/, x 1 vector &,,, as
_ 2 _ _
=log Hl(Aw ® An +0onlar,) ) X = (g, @ VI, (31)
1=
M, A computationally efficient form for computation of,, is
= log (Aw ® An + 021a1,)(5}) - (24) given by
i=1 Xy = ved Vi mat(Y,,,, M, My, My)), (32)

where A, and A, are vectors containing the eigenvalues 0\}cvhere the mat operator reshapes a vector into a matrix:
C., andC,,, respectivelyl 5;, is aM, x 1 vector whose entries P P )

are equal to 1, ang);; denotes thej-th element of(-). It art
is clear that the computational complexity of calculatihg t . mx1 mx1

. . . N mat : ,M,N | = . 33
determinant is reduced, but another important observasion il [al an } (33)
that the exchange of the order in which thg is computed ay
allows for easier implementation with finite precision, cgn Finally, we can writeL (Y1, ..., Y., ) in a computationally

the eigenvalues can assume very low values, speciall)for
due to the large number of frequency samples.
The computation 0(3;1 can also be simplified using

C,' =[(Vu®Vy)( Ay @ Ap + o2I)(VE @ Vi

=(Vu @ Vi) (A @ Ay + 20" L (VE o V). where it should be noted that the multiplication between a
(25) diagonal matrix and a vector is element-wise multiplicatis

efficient form as

M. M
_ — 2 1 2 ug a1
L(yl,...,yMs)m;mg)\rﬁs;)cmlx X,,, (34)



TABLE |
REDUCED COMPLEXITY ALGORITHM FOR ESTIMATION OF FREQUENCY
AND ANGULAR-DOMAIN PARAMETERS

1) Estimate frequency-domain parameteé,, using method in
Section IlI-A.
2) ComputeA (6,) = FER,,F using FFT.
3) Compute),, using (26) and FFT.
4)  Optimize for angular-domain parametef®),), using (34). For
each iteration compute:
a) V,andA,
b) X using (32).

the main diagonal and the vector. The ML estimate#,0&
{Kkp, ttp,€p}, p=1,..., P, are those values that maximize the
likelihood function in (34).

A further reduction of complexity is possible in the caly;

Actual distribution
= Estimated

Delay distribution, [dB]

0.4 0.6 0.8 1
Time, samples

0 0.2

g. 2. Comparison of estimated delay distribution and alctlistribution.

culation of the eigenvalues and eigenvectorathf, since it The curves overlap almost perfectly.

is a Toeplitz matrix, and hence it can be approximated by a
circulant matrix. A circulant matrix can be decomposed as

R, = FD,F, (35)

whereF is the DFT matrix and),, is a diagonal matrix with
the eigenvalues dR.,. Hence,V,, = F, andA,, = FER,F.
The use of FFT reduces even further the computational com-
plexity of A,, and)),, in (26).

Table | summarizes the reduced complexity algorithm for
estimation of frequency- and angular-domain parameters.

IV. SIMULATION RESULTS

In this Section some simulations are presented in order
to illustrate the performance of the described optimizatio
procedure. The receiver has an ULA willi, = 8 antennas

Actual distribution
al = Estimated
Beamformer output

Angular distribution, [dB]

1% 50 100 150
Angle, degrees

200

and the transmitter used/; = 1 antenna. The number ofFig. 3. Comparison of estimated angular distribution antdadistribution.
frequency points iSMf — 128. and M. = 50. The received The curves overlap almost perfectly. Also shown is the dugfuhe Bartlett
- 1 s .

signal is generated as
y(k) = R?ny(k) + n(k), (36)

where R'/2 is obtained by the Cholesky decomposition offl]
Cy, andny(k) is a circular complex white Gaussian process.
For the frequency-domain parameters, typical values often
observed in channel sounding experiments are usgek 0.1, 2]
a1 1, 6 = 0.07, and 7 0.1. The angular-domain
parameters are defined @s= {65°,90°}, x = {10,150},
e=1{0.5,0.5}. 3]
In Figures 2 and 3 we compare the delay and angular
distributions plus noise obtained using the estimatiorcgro [4]
dure described in this article with the actual distribusipre-
spectively. The estimator provides high-precision est@m&or
both the time-delay distribution and the angular distiiut
The estimate of the angular distribution is compared to th&!
output of the Bartlett beamformer, showing the gain in using

a parametric approach for angular power spectrum estimatio
(7]

(5]

V. CONCLUSION

We propose a channel model for the diffuse scattering
component incorporating both frequency- and angular-domayis]
parameters, and derive an optimization procedure to coanput
the stochastic maximum likelihood estimates with low comqg
plexity. Since the estimation is done in a two-step procegdar
performance loss is expected compared to the joint optimiza
tion procedure. However, the simulation results show tigtt h |14,
precision estimates are obtained.

] C. B. Ribeiro, E. Ollila, and V. Koivunen,

beamformer.
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