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Stochastic Maximum-Likelihood Method for MIMO
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Abstract—In this paper, we derive a stochastic maximum-likelihood (ML) method for estimating spatio–temporal parameters
for multiple-input multiple-output (MIMO) channels. Such estimators are needed in propagation studies where extensive channel
measurements and sounding are required. These are seminal
tasks in the process of developing advanced channel models. The
proposed method employs an angular von Mises distribution
model which is appropriate for angular data observed in channel
measurement campaigns. The signal model is stochastic, and
consequentially the method is particularly useful for estimation
of the diffuse scattering component. This approach leads to lower
complexity and faster convergence in comparison to deterministic
models. These benefits are due to lower dimensionality of the
model, leading to a simpler optimization problem. The statistical performance of the estimator is studied by establishing the
Cramér–Rao lower bound (CRLB) and comparing the variances.
The simulations show that the variance of the proposed estimation
technique reaches the CRLB for relatively small sample size.
The estimator is robust in the sense that meaningful results are
obtained when applied to data generated by channel models other
than the one used in its derivation.
Index Terms—Channel sounding, parameter estimation.

I. INTRODUCTION
HANNEL sounding and extensive channel measurement
campaigns are needed in developing powerful multidimensional channel models. Such models are an important tool
in developing transceiver structures and designing networks
for future wireless systems with high spectral efficiency. An
important application is the development of multiple-input multiple-output (MIMO) communication systems, where channel
sounding using multiple transmit and receive antennas and
subsequent estimation of the channel propagation parameters
are needed.
In radio propagation, it is common to classify the signals that
reach the receiver as originated by specular reflections or diffuse scattering. The specular components are usually believed
to carry most of the power and are often modeled by a relatively
large number of deterministic signals with unknown parameters.
Diffuse scattering is frequently regarded as noise and neglected
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in the models. However, it has been observed in measurement
campaigns such as [1]–[3] that the diffuse scattering can be
significant, and even dominant, especially in non-line-of-sight
(NLOS) situations. Since rich scattering environments are of
great interest to the design of MIMO systems, understanding the
diffuse component is also crucial. A comprehensive description
of analytical and computational models for wave propagation
and multiple scattering by randomly distributed obstacles and
rough surfaces can be found in [4] and [5].
Deterministic techniques for propagation parameter estimation [6], [7] commonly employ models with a large number
of discrete waves. This approach leads to the maximization of
highly nonlinear likelihood functions with many local maxima,
which may cause convergence problems. The computational
complexity and variance of estimates are increased, since
parameters of a large number of waves need to be estimated.
In addition, deterministic techniques using the discrete ray
model such as [6] may lead to undesired artifacts, e.g., when a
group of waves is estimated from a diffusely scattered cluster.
In this case, the parameters of each wave will be randomly
distributed with a distribution that do not correspond to any
physical phenomena, being only an artifact of the estimation
procedure, as observed in [8].
In this paper, we derive an estimation method for the parameters of the angular distribution of the scattering component in
MIMO systems. The proposed approach is able to avoid the difficult problem of optimizing very high dimensional and highly
nonlinear function. This benefit is due to the lower dimensionality of the model, leading to a simpler optimization problem.
In [9], a scheme has been also proposed for the estimation of
time-domain behavior of the scattering component. However,
the parameters of the angular distribution are not estimated in
[9]. In [10], a similar angular distribution model is used for estimation of the channel power spectrum in mobile stations.
A ML estimator for scattered sources is presented in [11],
where the angular distribution is assumed Gaussian. The angular spread is assumed small, so that the correlation between
the antenna elements can be approximated by a Taylor series expansion. In [12], for small angular spreads, the authors propose
a first order Taylor expansion of the spatial signature of each
source, leading to the generalized array manifold (GAM) model,
which can be used in conjunction with well-known subspacebased methods, such as MUSIC. Again, by assuming small angular spreads, the authors in [13] show that it is possible to approximate a scattered source as a combination of two rays symmetrically located around the nominal direction. This approximation allows the use of efficient algorithms, such as ESPRIT
and root-MUSIC. The resulting algorithms are called Spread
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ESPRIT, Spread root-MUSIC, and so on. Other methods stemming from these can be found, e.g., in [14] and [15].
In this paper, we want to estimate the diffuse scattering
resulting from the scattering environment surrounding the receiver. Hence, the assumption of small angular spreads does not
necessarily hold, and the methods in [11]–[13] may not be applicable. In particular, we adopt the MIMO channel correlation
model presented in [16], where it is assumed that the receiver
is surrounded by a large number of scatterers. For the angular
distribution model, we employ the von Mises distribution (see
[17]), because it has finite support, which is suitable for angular
data. It has been reported based on measured data that it is a
good model for the angular probability density function (PDF)
[18]. Another advantage of using the von Mises PDF is that
it provides a closed-form expression for the MIMO channel
correlation matrix. Hence, we do not need to assume that the
angular spread is small. This matrix may be described analytically as a function of the parameters of the underlying random
processes. Hence, it can be used to derive estimators for the
channel parameters. A technique for estimating the parameters
of the von Mises distribution in channel sounding applications
is proposed. The estimated parameters include power azimuth
spectrum, power delay spectrum (PDS), angle spread, and
angular position of the transmitter array. The Cramér–Rao
lower bound (CRLB) for the model is derived, and simulations
are conducted to compare the mean-squared error (MSE) of the
estimates to the CRLB. The estimator attains the bound with
relatively small sample sizes, i.e., it is asymptotically optimal.
This paper is organized as follows. In Section II, we describe
the MIMO signal model used in this paper. In Section III, the
technique for parameter estimation is described. In Section IV,
the CRLB is established. In Section V, we extend the model
to also estimate time-domain propagation parameters in frequency-selective channels. Finally, in Section VI, we present
some simulation results and compare the large sample performance of the estimation technique to the CRLB.
II. SIGNAL MODEL
The transmitter is assumed to be elevated and therefore not
obstructed by local scatterers, while the receiver is surrounded
by a large number of local scatterers. No line-of-sight is assumed between the transmitter and the receiver. We consider
that the waves are planar (far-field) and only single scattering
occurs. This is what is called the “one-ring” model [19], [20],
and has been used, e.g., in [16] and [19], to study the effect of
fading correlation on the capacity of MIMO fading channels,
and in [21] to study the effect of antenna separation on capacity.
Fig. 1 illustrates the propagation environment. It should be noted
that the correlation matrix derived using this model also arises in
the derivation of other models, like the Saleh–Valenzuela model
(SVA) in [22] and [23]. Hence, the estimation methods developed here and analysis of their performance extend to the SVA
model in a straightforward manner.
Let and be the number of receive and transmit antennas,
respectively. We then define the output of the antennas at the
1 vector
, the known transmitted sereceiver by the
1 vector
, the
random MIMO
quences by the
channel matrix
, and the random noise
1 vector
.
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Fig. 1. Channel sounding environment.

The signals defined above are discrete-time versions of contin, where is the
uous-time signals sampled at time instants
sampling period. Using these definitions, we model the received
signal as
(1)
In this model, it is assumed that the signal bandwidth is sufficiently narrow so that the channel can be considered frequency
will be defined
nonselective. The statistical properties of
in Section III.
For channel sounding applications, it is useful that information about each MIMO subchannel is available separately, and
mathen the received signal can be represented by an
trix
, where each row corresponds to a receive antenna
and each column corresponds to a transmit antenna. In Fig. 1,
this is illustrated by means of switches at both ends, which is
a common sounding arrangement, but other techniques can be
th element of
represents the signal transused. The
mitted from antenna and received by antenna , i.e.,
..
.

..

.

..
.

(2)

Hence, we can modify the signal model in (1) to
(3)
where
and
are
, and the scalar
is the
is composed
transmitted sequence. The sounding sequence
of a periodic -sequence [24] with power . It is not necessary
to send different sounding sequences, since each MIMO subchannel can be measured individually. This is true for channel
sounders based on switched multiple element transmit and receive antenna, like in [6], [7], [25], and [26].
The channel matrix in (3) represents the combination of all
waves that impinge the receiver array after being reflected from
the surrounding scatterers. Since it is difficult to explicitly describe the channel matrix as a function of the underlying waves,
a different signal model is considered in [6], [7], [25], and [26],
where the received signal is described as a combination of several waves with deterministic but unknown parameters and additive noise. Once the received signal is written as a function of the
underlying wave parameters, ML estimation techniques, such
as the space-alternating generalized expectation-maximization
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(SAGE) method in [25], can be used to yield high-precision estimates of the parameters. However, since the parameters from
all waves must be estimated, the dimension of the model becomes very high, and the algorithms may experience convergence problems due to local maxima in the likelihood function.
In [16], the authors present a MIMO channel model based on
the “one-ring” model described here. Its correlation matrix can
be described analytically and used to derive estimators for the
channel parameters. In this description, the diffuse scattering
is considered as realization of an underlying random process
and not as a combination of deterministic signals. The authors
derived a closed-form solution for the cross correlation between
any two subchannels assuming that the incident angles follow a
von Mises distribution [17], but other distributions can also be
used. A similar model is considered in [19], [21], and [27], but
the angular distribution is assumed to be uniform.
The added flexibility in the angular distribution allows for an
interesting interpretation of the model as a warped ring, such
that those parts of the ring corresponding to stronger reflections
are closer to the receiver than those parts of ring corresponding
to weaker reflections. In addition, by employing an angular distribution that is a finite mixture of angular von Mises PDFs, the
model can be interpreted as a combination of many “warped
rings” with different radii. Consequently, arbitrary scattering environments may be covered. This added flexibility can also be
seen by the fact that both the proposed model and the SVA model
[22], [23] for a single-input multiple-output (SIMO) configuration correspond to the same covariance matrix.
In case scattering occurs at both the transmitter and receiver,
the “two-ring” model derived in [28] can be more appropriate.
The model assumes two rings of scatterers: one around the
transmitter and one around the receiver. In this model, each ray
is reflected twice. The drawback in this model is that, even if
the number of scatterers in both rings go to infinity, the central
limit theorem does not hold, and the channel coefficients do
not converge to a Gaussian random variable. Hence, it is not
possible to characterize the channel based only on first- and
second-order statistics. Ray-tracing methods combined with
Monte Carlo simulations have been used to evaluate the model.
An alternative model for scattering at both ends of the link
is the extended SVA model. The model assumes rich scattering
at both ends, such that the transmit and receive scattering are
independent. Under mild assumptions, the channel coefficients
converge to a Gaussian variable for an infinite number of rays.
Therefore, the channel can be characterized by its first- and
second-order statistics.
In this paper, we will restrict the discussion to local scattering
around the receiver, but the methods can be straightforwardly
extended to SVA model as well.

c) the channel is constant during one measurement cycle,
;
and we assume
is a zero-mean complex cird) the additive noise
cularly symmetric Gaussian process with known covariand indeance matrix
;
pendent of
is a zero-mean complex
e) the received signal
temporally white circular Gaussian process.
Assumption e) is justified by the central limit theorem, since
results from a sum of an infinite number of waves, whose
complex amplitudes are independent and identically distributed
(i.i.d.) with finite variances [16].
In assumption d), no particular structure is assumed for the
noise covariance matrix. However, in the simulations, we assume that the noise is spatially white. Assumptions d) and e)
is circular Gaussian. The time index in
imply that
has been dropped to simplify the notation, in view of assumption c).
We vectorize the model by stacking the matrices into column
. Since
vectors, so
is zero-mean complex temporally white circular
Gaussian, its PDF can be written as

III. ANGULAR PROPAGATION PARAMETER ESTIMATION
The following assumptions will be used throughout this
section:
a) no line of sight (NLOS) exists and no specular components are present (Rayleigh-fading channel);
b) the receiver is surrounded by a large number of local
scatterers;

where
denotes the trace,
is the
matrix of the received signal, and
is the
covariance matrix, defined as

covariance
sample

(4)
(5)
Hence, after removing the constant terms not dependent on the
signal, the log-likelihood function can be written as
(6)
From (3) and using assumptions a)–e)

(7)
where
the

is the power of the transmitted sequence
,
is
MIMO channel covariance matrix defined as
(8)

is the
known noise covariance matrix deand
.
fined as
For a description of the MIMO channel covariance matrix as
a function of propagation parameters, we will use the channel
model in [16] and [20]. This channel model assumes a ring of
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2

Fig. 2. Illustration of the geometrical configuration of a 2 2 channel with
local scatterers at the receiver, where D is the distance between the transmitter
and receiver arrays, R is the radius of the ring of scatterers around the receiver,
and d is the distance between elements l and m in the receive array.

scatterers around the receiver, as depicted in Fig. 2 for any two
antennas at the transmitter and receiver.
In addition to assumptions a)–e), the following assumptions
will be considered:
f) the angle spread, , at the transmitter is small;
g)
;
h) the position of the receiver array is known, i.e., is
known;
i) the variances
for each MIMO subchannel
connecting transmit antenna to receive antenna are
equal and assumed to be known; we denote this variance
by and call it the path loss.
is defined as the maximum angle
The transmitter spread
with respect to the line connecting the transmitter and receiver
where the waves departing from the transmitter illuminate the
scatterers around the receiver. For the diffuse scattering component of the radio channel, the support of the angular distribution is always , even for a concentrated distribution around
the mean, i.e., large . This implies that the angular spread
is related to the radius of the ring of scatterers around the receiver and the distance between the transmitter and receiver as
. This relation is also observed in [20].
Assumption i) is a consequence of assumption g), i.e., the interelement distances are small compared with the distance between the transmitter and the receiver. This implies that all elements experience approximately the same path loss.
Using assumptions f)–i), it is possible to show that the cross
and
is given
correlation between any two subchannels
by [16]

(9)
is the known path loss,
is any angular PDF of ,
,
, is the transmitted signal
wavelength, and
is the
th element of . Parameters
and denote the angle spread at the transmitter and the angle
of the transmit array relative to the line connecting the transmit
and receive arrays, respectively.
For simplicity, we will assume in the sequel without loss of
generality that the transmitter and receiver are equipped with
uniform linear arrays (ULAs). Since the correlation is defined
for each antenna pair, any other antenna configuration can be
used as well. For antenna configurations other than ULA, an anwhere

Fig. 3. von Mises PDF for different values of , with  = 0.

tenna pair must be chosen as a reference pair in the transmitter
and in the receiver. Then, for the other antenna pairs, and
must be redefined as
and
, where
and
are the relative angle of the transmit and receive antenna pairs,
respectively, with respect to the chosen reference antenna pair.
We assume isotropic antennas, hence the effect of the field patterns are not included in the model. For nonisotropic antennas
in the receiver side, the effect is equivalent to factorizing
as

where
is the field pattern for the th antenna, and
is the actual angular PDF. This is result is similar to the SVA
model in [22], [23].
for any
An angular PDF must satisfy
integer . Hence, a Gaussian PDF can not be used. A suitable
angular PDF is the von Mises [17], defined as

(10)
where is the symmetry center (“mean direction”), can be
(extremely conchosen between 0 (isotropic scattering) and
centrated), and
is the modified Bessel function of the first
kind of order zero. Fig. 3 illustrates the von Mises PDF for different values of . Using the von Mises PDF, the cross correlation in (9) may be written as [16]

We can now find the values for , , , and
the log-likelihood function in (6), i.e.,

(11)
that maximize

(12)
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where
denotes the trace. In order to optimize (12), we will
use a sequential quadratic programming algorithm [29], [30],
implemented as the fmincon function in Matlab.
An extension of this model to multiple scatterer clusters is
found in [31], where the angular distribution is a mixture of
von Mises PDFs. This extension is not considered here due to
lack of space. A similar approach is used in [32], where Laplace
and Gaussian PDFs are used. In case specular or line-of-sight
(LOS) components are present, they can be modeled by one or
some mixture components. Each mixture component may have
very different shape (see Fig. 3). This approach has the benefit
of already estimating the local scattering around the specular
reflections [31].
Another option is to write the model as a sum of a stochastic
part, due to scattering, and a deterministic part, which models
the specular and LOS components. This extended model can
be found in [16] for the LOS component. For the estimation of
these specular components, one can maximize the likelihood
function directly or use an iterative procedure, such as the
RIMAX algorithm [33], where the parameters of deterministic
and stochastic components are estimated in an alternating
manner (see [33] for detailed description).
IV. CRAMÉR–RAO BOUND
In this section, we derive the CRLB, which may be used to
compare the large sample performance of estimators to the theoretical lower bound. It is also necessary for establishing asymptotic optimality of an estimator. A simulation result demonstrating the performance of the proposed estimator in comparison to the CRLB is given in Section VI. A detailed derivation
can be found in Appendix I.
. The
element of the Fisher
Define
information matrix can be shown to be
(13)
is the derivative of
with respect
where
to .
th element of
From (7) and (11), the derivative of the
th block of
with respect to , , and , is
the
given by

(14)

(15)

(16)

(17)
where

is the path loss,
is the power of the transmitted sequence,
and
are the modified Bessel function of the first kind
of order zero and one, respectively.
The Cramér–Rao bounds can then be evaluated for each parameter as the diagonal elements of the inverse of the Fisher
information matrix in (13).
V. TIME-DOMAIN PROPAGATION PARAMETER ESTIMATION
We can extend the model in (3) to frequency-selective channels, if we note that even though the mechanisms leading to
angle and time dispersion are highly related, the power azimuthdelay spectrum can be obtained as a function of the individual
spectra [6]. Based on these insights, we generalize the model in
(2) to
(18)
where is the maximum number of nonzero elements in the
channel impulse response. Since
is complex valued, it can
, where we assume
,
be written as
are independent and uniformly distributed in
, and
is deterministic.
the interval
In (6), it is assumed that the observations are i.i.d. This assumption does not necessarily hold if the channel is frequency
selective, hence some loss of performance compared to optimal
procedure may be experienced. However, this loss is not expected to be significant since all spatial information is concentrated on matrix . Hence, the estimator can be derived with
low complexity in comparison to more optimal procedures. As
shown in Section VI, the proposed method produces reliable estimates even for frequency-selective channels.
As shown in Appendix II, using assumptions a)–d) and the
above, we can write
assumptions for
(19)
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where
is defined in (7). Hence, the angular parameters can
be estimated with the same techniques used for the narrowband
model. In this section we focus on the time-domain parameters,
which can be estimated using standard estimation techniques.
The PDS have been investigated in several measurement campaigns, and we will only discuss it briefly here. Experimental
evidence indicates that the PDS may be accurately modeled by
an exponential decaying function [6], i.e.,
(20)
where is the discretized group delay, or time of arrival (TOA).
Thus, we only have to estimate the TOA of the cluster and the
of the exponential.
decay factor
Here, we assume the transmitted signal is a length-sewith the
quence, which has a cyclic autocorrelation function
and
,
[34].
property that
and the
th elThe cyclic cross correlation between
ement of
is given by
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. Instead, we
corresponding to the highest peak in
take the first sample such that
, where is a
fixed threshold. Since in channel sounding applications
the signal to noise ratio is typically high, the choice of
is not critical. In the simulations in this paper, we use
. For other applications, can be determined
based on standard detection theory [35].
using the sequence
,
c) Calculate the decay factor
. From (20),
,
and hence can be obtained by least-squares polynomial
fitting [36].
Similar techniques have been derived for CDMA receivers,
where sequences with properties similar to -sequences are
used [34], [37].
VI. SIMULATION RESULTS
In this section, we present some results obtained in simulation in order to verify the theoretical results and assess the performance of the estimator.
A. Simulation 1: Performance Comparison to the CRLB

(21)

In all simulations both transmitter and receiver are composed
of an uniform linear array (ULA) with
4 antennas.
The received signal is generated as [38], [39]
(25)

where

is the
th element of , and
is the
th element of
. Using the autocorrelation properties of the transmitted -sequence, and since it is assumed that
and the measurement
the cyclic cross correlation between
is negligible, we obtain
noise

(22)
, and it is assumed that
and
From (11),
are independent. By averaging
over all antennas, we
get

is obtained as by the Cholesky decomposition
where
,
and
are circular
[40] of
complex white Gaussian processes with known variance, and
is the identity matrix. The signal-to-noise
ratio (SNR) per antenna is fixed to 20 dB and defined as
. The path loss is fixed
SNR
. It should be noted that even though
and
as
in (25) do not correspond directly to
and
in (3), the
in (25) and (3) have the same statistics, since
vector

(23)
where
.
We can then derive the following algorithm for estimation of
the time-dependent parameters:
a) Calculate

In Fig. 4, we compare the MSE of the estimates to the CRLB
as a function of the number of samples. The MSE is estimated
90 ,
over 200 runs. The angle of the receiver array is
the symmetry center is
70
, the dispersion
, the angle of the transmitter array is
100 , and
10 . It can be seen
the angle spread at the transmitter is
that the MSE reaches the CRLB already for small number of
samples for all values of . In Fig. 5, we compare the MSE of
the estimates to the CRLB as a function of SNR. Again, it can
be seen that the MSE reaches the CRLB for all parameters.

(24)
where is the number of snapshots and
is the number
of samples in each snapshot.
, it is not convenient in
b) Due to the noisy nature of
practice to set the estimate of the TOA as the sample

B. Simulation 2: Channel With Time Dispersion
In the next simulations, we will verify the behavior of the
proposed estimation method for channels with time dispersion.
The transmitter has
1 antenna and the receiver array has
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Fig. 4. MSE of the proposed estimator and the CRLB for each unknown paramf ; ; g. The receive
eter as a function of the number of samples for 
and transmit array are ULA with four antennas. The MSE reaches the CRLB
for relatively small number of samples for all values of .

= 5 30 200

Fig. 6. Comparison between the true and estimated power azimuth spectrum.
The estimated spectrum is given by the von Mises PDF with estimated paramand 
: . The receive array is ULA with 11
75.78
eters 
antennas.

=

+

= 27 08

Fig. 7. Comparison between the true and estimated power delay spectrum. The
estimated spectrum is given by an exponential decaying function with 
2.51 s and a delay of 16 samples. The receive array is ULA with 11 antennas.

=

Fig. 5. MSE of the proposed estimator and the CRLB for each unknown parameter as a function of SNR. The receive and transmit array are ULA with four
antennas. The MSE reaches the CRLB for relatively small number of samples.

an uniform linear array (ULA) with
11 antennas. We simulate the channel as a superposition of a large number of waves,
defined as

(26)
where
(27)

where is a random phase,
is the steering vector, and
is the delay of the th wave. In order to model the scattered signal, we would need an infinite number of waves, but
to approximate the channel. The
we will use
. The angle
random phase is uniformly distributed in
follows a von Mises distribution with parameters
of arrival
75
and
. The delays were chosen from an
2.34 s.
exponential distribution with decay factor
is a complex length-127 -seThe sounding sequence
s and samquence, with symbol duration
pling period
. The random noise
is generated from a complex white Gaussian process. The results are
obtained during one snapshot, and are averaged over 50 runs.
In Figs. 6 and 7, we compare the true power-azimuth and
power-delay spectra with the estimates obtained using the
method described in this paper. The estimated power-azimuth
spectrum is given by the von Mises PDF with parameters
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channel considered in this simulation does not follow exactly
the model in Sections II and III, the estimated distribution provides a good fit to the envelope of the actual power azimuth spectrum. This result is not surprising, since stochastic ML estimation can be applied for deterministic signals, usually achieving
better performance than deterministic ML for small number of
sensors and low SNR [41].
VII. CONCLUSION

Fig. 8. Comparison between the true and estimated power azimuth spectrum.
The channel is simulated using experimentally validated I-METRA’s MIMO
channel model [38]. Since the model is deterministic, only 12 specular paths are
present. The estimated angular distribution provides a good fit for the envelope
of the power azimuth spectrum.

75.78
and
calculated using (12). The esti2.51 s
mated power-delay spectrum is given by (20) with
and a delay of 16 samples, calculated as in Section V. The
actual power-azimuth and power-delay spectra are calculated
and angles
with bin width
as the histogram of delays
and
1 , respectively. The word spectrum is
used since these histograms are closely related to the power
azimuth-delay spectrum in [6]. The estimated spectra closely
match the true ones.

C. Simulation 3: I-METRA MIMO Channel
For the last simulation, we simulate the channel using experimentally validated I-METRA’s MIMO channel model [38]. The
channel model is double-directional and has been validated by
measurement data in picocell and microcell environments. It is
a widely used realistic channel whose parameters are derived
based on measurement results.
The chip rate is 3.84 microchips per second (Mcps), the carrier frequency is equal to 2.15 GHz, and the velocity is 0.01
km/h. The transmitter has one antenna and the receiver has an
ULA with four antennas. Twelve paths are generated arriving at
with angles of arrival generated randomly
time instant
from a von Mises distribution. The power for each path is given
by the von Mises PDF calculated at the corresponding angle.
This setting is not exactly the same one considered in [38], but it
is applied here to simulate a source with local spreading around
the nominal direction. The sounding sequence is a length-1023
-sequence. The signal obtained with the METRA model is
normalized such that SNR 20 dB per antenna.
In Fig. 8, we compare the estimated angular distribution obtained by the proposed method and the actual power azimuth
spectrum for one realization of the channel. Even though the

In this paper, we derived a stochastic ML technique to estimate the angular distribution of signals in a MIMO channel.
Since MIMO systems rely on rich scattering, modeling and estimation of the diffuse scattering is of high importance. We
used the channel model derived in [16] in order to compute
the channel correlation matrix that depends on the unknown
parameters. The underlying distribution model is angular von
Mises distribution which is well suited for directional data. The
methods extends to different scattering models and may be extended to arbitrary scattering environments using mixture model
[31].
This stochastic model leads to more compact representation
of the propagation model, in particular for channels with diffuse
scattering. Moreover, the computational complexity is reduced
comparing to deterministic techniques, because fewer parameters are needed, simplifying the optimization problem.
We also derived the CRLB for the model and evaluated the
large sample performance of the estimator by comparing the
variances to the CRLB. The results show that the variance for
the proposed estimation technique reaches the CRLB for all parameters with relatively small sample sizes.
We used two different channel models in order to assess the
quality of the estimates provided by the proposed method when
some of the assumptions used during the development do not
hold. The results show that the method is able to provide meaningful and precise estimates of the power-azimuth and powerdelay spectra.
APPENDIX I
The log-likelihood equation is given by

In order to compute the derivatives of
each parameter we will use the relations [42]

(28)
with respect to

(29)
(30)
(31)
Using the expressions above, we can calculate

(32)
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(41)

Hence, using (32), we can write

For

, (37) simplifies to

(33)
where
.
We obtain the second derivatives by differentiating (33) with
as
respect to

(38)
where
. For the channel sounding
technique based on time-division multiplex that is assumed in
this paper, a guard time is defined that is longer than the channel
, the convolution term in
impulse response. Hence, for
(38) converges to
(39)

(34)

where
taken into account in
have

. Since the path-loss effects are already
, defined in assumption i) and (9), we
. Hence, for
(40)

We can then write
(35)
where the fact that
is used. The
is then given by

For
, (37), we obtain (41), shown at the top of the page.
The expected value of
in (41) is easily calculated as
(42)

element of the Fisher information matrix
Hence,
(36)

(43)

(37)
where
is the noise covariance matrix, and it was used
is constant, ,
, and
are
the assumptions that
independent.
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