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Abstract

In this paper we address the problem of propagation path parameteatistiim channel sounding. Our approach
is based on a state-space model that describes the dynamics of timelcparameters in time. The method builds
on the work presented in TD(04)124, where it has been shown thatetffiermance of propagation path parameter
estimators can be improved if the correlation of the radio channel p&esni@ time is exploited by a maximum
likelihood estimator. The proposed state-space based approach leasctowputational complexity than the previous
method and allows the tracking of the desired time varying parametersliasSinee the dimension of the state, i.e.,
the number of model parameters, is significantly smaller than the dimen§iarchannel observation by applying
the matrix inversoin lemma we are able to reduce the computational comptéxite extended Kalman filter. The
performance of the proposed technique is investigated using chaourading measurements.

I. INTRODUCTION

The interest in the multidimensional structure of the mebéldio channel is growing rapidly. The initial motivation
was the investigation of the space-time structure at the bttion (BS). In the recent time the double-directional
modelling of the radio channel has attracted a lot of intefEs This is mainly due to two reasons. At one hand,
double directional channel measurements gives a bettesigaiyinsight into the wave propagation mechanism in
real radio environments since it provides an enhanced +patti resolution and it has the ability to remove the
measurement antenna influence from the channel obsenjalio®n the other hand, there is a growing interest in
exploiting multiple antennas at both the BS and MS site. @MEVIO (multiple-input-multiple-output) transmission
systems promise a considerable increase in capacity [Bnidric MIMO channel models are required not only to
evaluate the performance of generic transmission systemsin terms of MIMO capacity [4], but also for realistic
link-level simulation of a specific algorithm in detail [SPrediction of the long term channel parameter variation
can also help to control of the modem signal processing adoa-link. Powerful channel models are also needed
in network planning.

A real-time channel sounder delivers a sequence of chanmsdreations. From each of these observations
(snapshots) a set of channel parameters is estimated. Aesapproach is to consider the subsequent estimates as
independent. However, it can be observed that the specataopthe channel response contains propagation paths
which persist over a certain number of snapshots. Theses pathcharacterized by a series of estimates with static
or slowly changing parameters. In [6], a deterministic maxin likelihood estimator was proposed to exploit the
correlation of the structural parameters such as timeydgflarrival, direction of departure (DoD) and/or direction
of arrival (DoA). It was shown that the proposed method oritpens the maximum likelihood estimator which does
not exploit the strong correlation, i.e, predictability tbie structural parameters over time [6]. Besides the ratluce
estimation error, it has been shown that a propagation pathbe tracked over time even if it is shadowed or if
its parameters intersect with the parameters of anothér (path crossover). The main drawback of the proposed
maximum likelihood estimator for parameter tracking [6]its high computational complexity. This is due to the
fact that the maximum likelihood estimator operates in aklmanner, independently from the previous estimates
which may not be feasible for tracking the parameters ovee.ti

In this paper we propose a state-space based method for giaratmacking in order to estimate the propagation
paths. The method stems from the maximum likelihood paramestimation procedure (RIMAX) which was
introduced in [7], [8]. In addition, tracking ideas resembhe approach used in Multiple Target Tracking (MTT) in
radar. Propagation parameter tracking can considerabtgdse path parameter pairing over time. This can be used
to answer more precisely the questions of path lifetime ffedint measurement scenarios. It also allows detailed
investigation of the parameter statistics of scatteringstelrs which, in a microscopic sense, may be composed
of a number of paths. If the parameters of a propagation pathracked over time we are able to estimate the
amplitude variation, Doppler shift and delay/angular aade of the individual parameter. However, a prerequisite
for any post-processing of the parameter estimates is llegparameter estimator provides an estimate of the error
covariance matrix of the estimated channel parameters.



The state-space model derived in this paper maps the dynproagation path parameters to the channel
observations. The estimation and tracking is done by udiegeixtended Kalman Filter (EKF), since the function
mapping the channel parameter vector to the observatidonismonlinear. The benefits of the method are twofold,
first we obtain a lower complexity than using the ML algorithithis is due to the fact that EKF is a recursive
estimator, whereas ML needs to perform several iterationgife same received observation vector in order to
converge. Moreover, by applying the matrix inversion lemitma complexity of EKF can be further reduced. The
second advantage is the tracking capability of EKF, which gave us an insight of the time evolution of the
propagation parameters. This information is not availatien using ML.

In the following section we present the data model for a cehobservation. In Section Il we formulate the
state-space model which describes the dynamics of our péeasnand present the Kalman filter recursions. In
Section IV we present some estimation results of the imphtete parameter estimator and draw conclusions in
Section V.

Il. DATA MODEL FOR ACHANNEL OBSERVATION

We use the data model introduced in [9], [8] to describe thectired wideband MIMO channel. This data
model is based on the assumption that every specular priipageath can be described byRg,-dimensional (5-D)
shift operator on the transmit signal. It shifts the Tx-gilgim the 4 independent angular domains: transmit azimuth
o1 and elevationyr, receive azimuthpr and elevationdg, as well as in the time-delay domain Furthermore,
it is assumed that the 5 related aperture domains (frequandyantenna array apertures) are finite. The periodic
excitation signal is band-limited, and the aperture of manéearrays is determined by their size, which is limited too.
Finally, the parameters are or can be treated as boundethe@s. All angles are bounded by, 7), and the
time-delay is bounded b{0, 7,.) Wherer,,,.. is a function of transmit power, free space loss, and receivise.
Under these constraints and considering that a shift in @neaih can also be expressed by the multiplication with
a complex exponential in the related aperture domain, timélyfeof exponential functions is sufficient to construct
a data model for a specular propagation path.

For notational convenience we replace the shift-parametiepropagation path (componentfrom the physical
model using normalized shift parameterg), which are related to their physical counterpagts,, U7 ,, ©r.p

9r,p, andr, by a unique projection. We collect all structural pararrse;ﬁ,‘f) belonging to one propagation path
T
to the vectorp,, = {u](f) . ~M§RP)} . Let

T
a(i)) = A [em st 1 L e | eota (1)

be the vector valued complex exponential related to the pla'lfameterug) in the dimensionr of componenty

with dimensionN,.. Then theR-dimensional shift thera (u,) = a (u,(,R)) ®a (,uﬁ,R*l)) ®...0a (p,(f)) is a

vector valued function mapping the real shift paramejgssto a complex vector irCV <1 with unit length and
size N = N1N, -...- Ng,. Here® denotes the Kronecker product. Introducing the four tramsétion matrices
Guu,Ggryv,Gyvy,Gyy describing the linear measurement system and H, V refetongolarization we can
express the noise-free observatio@,) € C**! of a single specular propagation path by

s(0,) = Gura(p,) vaup + Guva (p,) vavy + Gvma (u,) yWwap + Guva (p,) Wwvp (2)
with the parameter vector

T
0,=1[ p) R{vumpt S{vempt R{vave} S{vavet R{wwet S{wwsr Riwvel S{wvel |-
3
Let us clarify the meaning of the system matric€s;y, Gyv, Gyvy, Gyy by an example. We assume the
narrowband radio channel has been measured using thremslional antenna arrays at both the Tx- and the
Rx-site with M7 and Mgz antenna elements respectively. The radio channel is messdnrthe spectral domain
with a broadband-signal a#/; equally spaced lines about the carrier frequerficyFurthermore, we assign the



normalized shift parameters to the physical parameterkdrfdllowing way

T

W) =y = op

10T = 1B = 9y, (4)
/‘L(LPR) — u(4) = @R,

u08) — ) — 9

For simplicity, we will assume narrowband measurementshit sense, that it is sufficient in terms of the
measurement accuracy to describe the directional chasditie of the antenna arrays at the carrier frequency,
and that the Nyquist sampling theorem is strictly adhereéhtall five dimensions. Using the fact that the far-
field beam-pattern of an antenna-array is the two-dimensiBourier-transform of its effective aperture distrilouti
function [10], [9] we can express the relation between tlgmals at the antenna array ports and the element
beam-patterns using the effective aperture distributiomctions. Collecting the EADFs of the Tx- and Rx-array
row-wise in the matrice$¢sr,, , G, and Gg,,, Gr, , respectively, we can use

b, (1), 1) = Gry, (a(u®) @ a (1)),
by, (1, 13) = Gry (a(p®) @a(u?)),
by (1@, 1) = Gry (a (1) @ a (1)) |
by (19, 1) = Gy (a (1) @ a (1))

to express the relation between the signals on the antersya @orts and a far-field point source or drain in a fixed
distance. Furthermore we use the usually diagonal mé@tixo describe the frequency response of the measurement
system. Altogether the matrices

®)

Gpyr =GR, ® G, @ Gy
Guv = Gpr, ® G, ® Gy
Gyy = GRH ®GTV ®Gf
Gyy = Gpg, ® Gr, @ Gy

describe the linear measurement system.

In [11], [8] it has been shown, that the observed radio chiomesists not only of specular components but also
of dense multipath components (DMC). So by assuming thatati® channel is a linear system, we approximate
the observationy € CM*1 with the superposition of a finite numbé? of specular propagation paths and the
realization of a stochastic process. With the complex vaafodrawn from a multivariate circular Gaussian process
N, (0,R4) € CMx1 describing the distribution of the observed dense multigatmponents, and the zero mean
circular Gaussian measurement noisg ~ N, (0,I) € CM*! the model for a channel observation is

(6)

P
Yy = ZS(GP) +ng+ngy,. (7)
p=1

For a discussion about the structure of the covariance xRtgi of the process,, see [11], [8]. Combining the
independent circular Gaussian processgsandn,, in n, = ng + n,, yields

P
p=1
To derive a compact expression for the channel model wedot® the parameter vector

p = [ W }T

and collect the related complex exponentials in the mataixied function

A, (u“')) = [ a, (ugr)) A (ug)) } ©)

. For notational convenience, we drop the dependenc,of (")) on u(") and write A, in the following. Using
the parameter vector

u:[ ()T (u@)T (H<Rp>)T} (10)



describing the structural parameters of all specular agan paths the yields the full parameter vector as
T
0=[n" Rvhu} S{Varr Rvhvy SPivy RwWer Swar RO S ](
11
With the weight vector -
Yy=[7Yu Yav Wm Yov ] - (12)
and the matrix valued function
A(p)=AroAgp_10---0Ay, (23)
where¢ denotes the Khatri-Rao product, the contribution of thecsfza propagation paths can be expressed by
s(0)=[ GuuA(n) GuvA(p) GygA(p) GyvA(p) |yeCMr (14)

The Jacobian matrix, i.e, the matrix of the first order deies of the data model to the model parametrs
given by 5

0)=[ 55:5(0) -+ z2=s(0) | (15)

Ill. STATE SPACE MODEL AND ESTIMATION

In order to allow the estimation of our parameter we first hlvéuild the state-space model. The parameters
of interest are collected into a vector, which is the stateinmodel. In this paper we use four parameters which
are the delayr ,,, the path weighty which is split into reah;’ and imaginary parts,”. However, this model
can be extended to contain other structural parametersstlibe vector of for each paghis given by:

T
Orp = |1 ") i %ﬁ,’;’f] (16)
and has the dimensioh x 1, whereL is the number of parameters of interest, in this chse 4. All the vectors
0., are stacked into a vectdl; that contains the parameters infromation at tiiméor all the paths and has the
dimensionLP x 1 and has the form as in equation (11). The state space modefeis by:

0k+1 = <I>k0k+vk (17)
yr = s(0x)+nyp, (18)

where the nonlinearitg (6;) is mapping the state vectéy, onto the observationg, of dimensionM x 1. The state
transition matrix® is assumed to have spectral radius less than unity to entabiitg. The state and observation
noise sequences are assumed to be white and Gaussian,elatedrwith each other and uncorrelated with the
state. The covariance matrix of the state noise is giveQpyand is a diagonal matrix containing on the diagonal
the corresponding noise variance of each parameter. Fon@&afor one path and four parameter to be estimated
we haveQq = diag{o?,, o, 02n. 02} The covariance matrix of the observation noise is giveriRoy

v . . . .
In the case of thd. = 4 parameters to be estimated, the nonlinear function for @tle jpis:

s (0x) = [a(ui) @ a(ul?)] (25 + i) (19)

with a(,uz(f)) and a(ul(f)) expressed as in (1). In order to apply EKF one has to competdahbobiards/06. In

our example ofl, = 4 parameters, for one path we obtain:

®a(ul?)| v,
20)

= aak’p =

Js N . . da(ul da(ul"
D, —la(u,ﬁ“”))@@a(u,(,)) J (a?) @ a(u?)) [aw)@(;‘ﬁi))] ) H*ﬁ))
Hop Hop

where~, = (v + jyi™). Forp paths we have the structure given by (15).

The dimension of the state equation is equal wWith x 1 while the observation vector at tinfeis having the
dimensionM x 1, where M >> LP (for example, in case we track 4 parameters on 200 paths,tate is of
dimension800 x 1 while the observation is of dimensidi 28 x 1, in the case when an array with 8 elements is
used). The main computational burden is in computing theairmatversion in the Kalman gain in equation (23).
The matrix to be inverted being of dimensidd x M. In order to reduce the complexity we apply the matrix



inversion lemma. Consequently, only matrix of dimensidh x PL needs to be inverted. This provides significant
savings in computational complexity in this application.the example stated above the numerical complexity for
the matrix inversion is reduced by approximately a factoR®®. Taking into account that the estimated parameters
are real-valued and applying the matrix inversion lemmae,EKF equations are:

é(k|k71) = ‘Pé(kfnkq) (21)
Pop-1y = ®Pu_1p-n® +Qq (22)
A A _ -1 ®{R;'D B
K = P [I—J(G,Rd) (J(0>Rd) +P(k1‘k_1)) } { %}REIDE’;;{ } ; (23)
. -1
Pp = (J(07Rd)+P(_k1|k71)) (24)

R vk —s (Okr—1)

S yE =8 (-1

Oy = O + K (25)

where J(é,Rd) = %{D@)Rng(m} is the observed Fisher informatiot,;,—1) is the prediction error
covariance matrixP ,_1x—1) is the filtering error covariance matrix arfd is the Kalman gain.

The initialization and the values of the state transitiontrireand state noise covariance matrix are sensitive
issues when applying Kalman filter. In order to have an adeuratialization we run the ML estimator for the first
11 data vectors. The state transition matrix is kept fixed ginde the parameters in the state are decoupled, it is
a diagonal matrix with entries close to one. The observatioise covariance matriR, is again estimated using
the ML algorithm. However, it has a structure that allows & omplexity inverse calculation as well. The state
noise covariance matrix and state transition matrix arecsedl by trial and error for now.

IV. ESTIMATION RESULTS

During summer 2001 a measurement campaign has been cartrdeih the major street Chuo-Dori (Chuo-
Avenue) downtown Tokyo, which can be characterized as aarudgnvironment with a regular street grid and
high-rise buildings at both sides of the street. The stiesituated in the district Nihonbashi. A measurement with
a static BS position and a moving MS was conducted. Figureolvsha view to the scenario through the BS
antenna array. Figure 2 shows the parameter tracking sefsulthe direct path in a time variant scenario. The path
was tracked over a time of approximately 30 seconds. The dilates denote the maximum likelihood estimates
of RIMAX, i.e., without parameter tracking. The red line gf®othe estimated TDoA of the direct path tracked by
the Kalman filter.

In the second estimation example, Figure 3, the trackinghitity of the estimator of weak propagation paths,
i.e., with a low SNR is shown. The maximum likelihood estioratvithout tracking is clearly unable to determine
parameter estimates when the individual SNR of a propagaiith is to low in a observation. The Kalman filter,
on the other hand, is able to pair the parameter estimatag ufiormation gathered from the prior estimates.

V. CONCLUSION

In this paper we have presented a recursive technique fepagetion path parameter estimation and tracking. A
low complexity algorithm with respect to existing ML techines has been introduce. The first parameter estimation
results show that by applying a recursive technique pathrpater pairing over time can be done.

Further research work will involve a carefull investigatiof the parameter estimation methods for the Kalman
filter state space model. More detailed investigations ofméa performance will be performed (for example
ensuring the whiteness of the innovation sequence).
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Fig. 1. View from the base station to the scenario
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Fig. 2. Parameter tracking results for the direct path. Thee lircles denote the parameter estimates of RIMAX, i.e., auithparameter
tracking. The red line shows the estimated TDoA of the direthpracked by the Kalman filter
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Fig. 3. Tracking of weak propagation paths. The blue cirdesote the parameter estimates of RIMAX, i.e., without paramteacking. The
lines show the Kalman filter estimates of the TDoA
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