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ABSTRACT is proportional to the number of paths, was kept fixed. This is un-
. L . . . realistic, since paths may appear or disappear in time due to the
Future wireless communication systems will exploit the rich spayynamics in the propagation environment. To overcome this lim-
tial and temporal diversity of the radio propagation environment. itation, we propose a hypothesis testing method for state dimen-

This requires new advanced channel models, which need to be Vel sejection. Also the predictor performance of the Kalman filter
ified by real-world channel sounding measurements. In this con;

h S . was limited in [4] due to the simplistic state-space model. We ad-
text the reliable estimation and tracking of the model parametersy oqs his problem by extending the state-space model to include
from measurement data is of particular interest. In this paper, w

build tat del d track th i i Sirst order derivatives of the parameters, which describe the under-
l'JtIh tr? sEa ;e-sgageKmlo € 1;"? rac 4 etpropatga '(t’r? pé";trame_er ing geometry of the propagation paths. This results into improved
with the Extended Ralman Filter In order (o capturé the dynamiCSgiate hrediction, i.e., associating path parameters over time, allow-

of th? Cha””'?' parameters in.time. We then extgnd the model t?Mg tracking of the path parameters over some periods of shadowing
considering first order derivatives of the geometrical parameters crossing of paths.

which enhances the tracking performance due to improved predic- The paper is structured as follows. In Section 2 we present the

tion and robustness against shadowing and fading. The model als(g)b - : :
. e . LI . servation and the state-space models. In Section 3 we discuss the
includes the effect of distributed diffuse scattering in radio chan- Hgorithm and its initialization. In Section 4 we Show some estima-

. . . . . . a
nels. The issue of varying state variable dimension, i.., the numbq on results with both artificial, and measurement data. Section 5
goncludes this paper.

of propagation paths to track, is also addressed. The performanc
of the proposed algorithms is demonstrated using both simulate

and measured data.
2. SYSTEM MODEL

1. INTRODUCTION The system model of interest can be divided into two parts: the
The devel t of radio ch | models f irel MIMO model for a single radio channel observation, and the state-space

€ development ot radio channél Moaels Tor WIreless €OMmodel describing the evolution from one observation to another. As
munication systems requires multidimensional channel soundin

. e observation model we use the double-directional radio channel
measurements. The measurements are processed to estimate

: = el [3]. We apply this model to estimate the propagation path
[ra;]dlodche;)rlmzl_parametlers%fc:puble”-dlrectlonal c:ﬂa?nﬁl ”.‘Oﬂde's [1 arameters: Time Delay of Arrival (TDoAj, Direction of De-

e double-directional modeling allows removal of the Influence ;e (DoD) azimuthyy and elevationdr, Direction of Arrival
of the measurement antennas from the observation. This is nec 0A) azimuthw and elevationd s, and four polarimetric path
sary for using the measurement results for studying and compari eiIghtSY 1, Yorv s Yo urs @Nd7,, . The dense multipath compo-
different MIMO transceiver structures. Furthermore, the parametefis i (pMC), describing the stochastic process of distributed diffuse
estimates are required for the statistics of the channel models, a@@attering in the radio channel, is also included in the model.
also for validating the employed model.

The extraction of the channel model parameters from the mea; . .
surement data is done using a parameter estimation algorithm, su h1 Model for a Radio Channel Observation
as SAGE [2] or RIMAX [3]. A straight-forward approach for esti- The employed radio channel model consists of two components:
mating the radio channel parameters (such as propagation path dée specular (concentrated) propagation component and the dense
lays, angles of arrival and departure, polarized path weight companultipath component, assumed to obey a circular complex Gaussian
nents) is to estimate them for each snapshot independently. Howdistribution [3]. In the following, the delay and angular domain
ever, it can be observed from measurements, that the specular coparameters (foP paths) are referred to as structural parameters of
ponent of the radio channel contains typically propagation paththe model
which persist over a relatively large number of snapshots (time).

The parameters of these paths vary slowly in time. This observation
can be exploited to track the path parameters over time, in order
to reveal dynamic properties of the radio channel. Furthermore, a
sequential computation usually reduces complexity of the estimatowhereas the path weights for different polarization components

In this paper we use a state-space approach for tracking the réH H = horizontal-to-horizontal/ V' = horizontal-to-vertical, etc.)
dio propagation path parameters over time. This is done by de-
riving a state-space model based on the nonlinear data model pre- T T T T 17 _ _arx1
sented in [3], and applying an Extended Kalman Filter (EKF) for v= [’YHH Yuv Yvu ’va] eC @
parameter estimation. The approach for propagation path parame-

ter estimation using Kalman filtering was introduced in [4]. It was gre referred to as weight parameters. For notational convenience,

pointed out that the use of a recursive estimation algorithm is comye have dropped the time index, i.g.,= p;, (k denotes discrete
putationally less demanding than snapshot-by-snapshot estimatigime), from all the parameters.

where the time correlation of the parameters is not exploited. One - =l
of the drawbacks in [4] is the fact that the state dimension, which ~ The structural parametefs = [ul ~~~u5] are related to the

]
T T oT T oT 5 1
n=[r" ol ok op k| eRY, )
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observation through a complex shift operation [3] i.e., the number of parameters in the staté is 18. This choice of
parameters enables us to utilize the time dependency of the struc-
e AR (G e TS tural propagation path parameters through the state transition matrix
N.xP @, which is defined, for a single propagation p&th= 1, as
Ap;) = eC™m.
e T L e e ¢ 0 - 0
N . ) 0 Pyp o
The shift matricesA; are multiplied by the corresponding system ®= o _ ) 9)
response§s; € CMixN: yielding S 0
0 - 0 By,
By = Gy-A(7)
Bgr, = Gg, - (AWR)OA(pR)) where the sub-matrices for the structural paramebers . @, . are
" " defined as
Br, = Gry (A(9R)OA(pR)) 11
Br, = Gr, - (A(W1)0A(pT)) = {0 1}, (10)

and the sub-matrice®,, ,, ..., for the path weight parame-

where( denotes the Khatri-Rao product (column-wise Kronecker-ters as

product). Let us introduce the matrix valued functiB{u) € ., = 1=v 0} (11)
cMx4p 0 1

o ) where a small positive << 1 ensures stability. The state transition

B(p) = [Br, 0B, 0By Bp, 0B, 0By... matrix can be easily extended to several 1) propagation paths,
Br,0B7,0Bf Bgr, 0B, 0B¢]. 4) a number being in the order &f = 10...100.

With the defined observation model (7), state vector (8), and

Using (2) and (4), the specular propagation path paramptersd  state transition (9) we can formulate the state-space model as
~ are mapped to an observation vector of lenyth= M M7 Mp
with the double-directional channel model as 0, — DO, 1 +vy € RLPx1 (12)

S(M’V):B(H)'ye(CMXl (5) Vi = S(ok)'i'ny,]c 6(Cl\/[xl (13)

I

The second part of the observation model is comprised of t.hsvhere (12) is the linear state equation and (13) is the nonlinear

dense multipath components (DMC) and the measurement noisgo < rement equation. The state noigeis a real valued white
The DMC is mOdEI?\?Xbly a multlvar.lat_e circular Gaussian ProceSEaussian process, and it is assumed to be uncorrelated with the
ng~N:(0,R4) € C" *~. The DMCis independent from the mea- siate. The covariance matr@® of the state noise is &P x LP
surement noise, which is modeled by a zero-mean circular Gaussigflagonal matrix containing the noise variance of each parameter on
processn,, ~ Ne(0,0°T) € CM*1, 52 denoting the noise vari- the diagonal. The observation nois 1 (6) is assumed to be un-
ance. We combine these random processgsindny, into one  correlated with the state and it has the covariance mRuj;.
process yielding In [4] the state-space model was based on the Brownian motion
model [8], i.e., the motion from snapshot-to-snapshot was modeled
ny =ng+nm ~ Ne(0,Ry), (6)  only in terms of the Gaussian random state noise proegsihe
state transition matrix was close to an identity matrix). We improve
with the covariance matriR, = R, + oL The complete model this model to a constant motion case [8] by including the rate of
for a radio channel observation is thus approximated as a supeghange of the structural parameters in the state vector (8), and uti-
position of P specular propagation patk$u,~) and the random Jize these values in the state transition through (10). The key idea
processny as in this more complex motion model is to enhance the tracking of
Vi =g, V) Ty k- (7)  the parameters in dynamic environments by improving prediction.
Mx1 In fact, the order of derivatives included in the state can be further
The vectory;, € C represents the output of the channel jncreased for more precise motion modeling. On the other hand, if
sounder at timek. The sizeM of the observation vector de- the motion in the system itself is very small or otherwise limited,
pends on the measurement setup. For example TKK's channghen adding any higher order derivatives only increases the compu-
sounder [5] aquires\/ = MyMpMp = 510-32-32 = 522240  tational burden without any gain. Also switching between different
complex samples per observation, whereas for the example in thjgye|s of model complexity in terms of derivative orders can be im-
paper we used data from the RUSK sounder [6], having the sizglemented as it was suggested for a radar target tracking problem
M = MyMpMp =193-16-16 = 49408 Also larger setups for jn 197.
chann_el sounding exist, and the general trend is towards higher di- ~ o g)| state-space models, the modeling of the state noise is
mensional measurements. crucial, because it contains the uncertainty in the model. In the
model we propose, the modeling of the state noise process is fo-
2.2 State-Space Model cused on the uncertainty in the parameters rate of change instead of
We assume that the specular propagation path parameters of the the actual change. Basically the problem of selecting the most suit-
dio channel can be described using a Gauss-Markov model [7]. Thiable model requires knowledge of the statistics of the underlying
allows us to formulate the problem as a state-space model. Thgrocess. Since this research work is mainly carried out to collect in-
state vectod;, € RP*! contains the structural parametgrg, ~ formation about this process the main design goal for the estimator

their rate of changéy,, — d(’f—f . Aty,, and the weight parameters (EKF) is robustness instead of statistical performance.
Y = ag -dP:. The state vectad,, is defined as 3. PATH PARAMETER ESTIMATION

_ TAT T A T 9T aql T T 9T AqT The proposed parameter estimation procedure consists of multiple
Op="[7 AT o7 Apr 97 D1 R Do I AR estimators. The core of the algorithm, tracking the propagation path
any P any duv avy dvg avy dvy T, (8)  parameters over time, is the EKF. For searching new paths in each
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observation a Maximum Likelihood (ML) based (RIMAX [3]) es- of paths to search, and the residyal— 5(0(k|k)) as the input for
timator is applied. Also, the parameters of the DMC componentR|MAX. The RIMAX algorithm evaluates the reliability of the new
i.e., the covariance matriR, ; in (6), are estimated separately. paths resulting i — Pp.c., estimates, which are added to the state.
After the EKF and the search for new paths, the reliability of the:  Dropping of unreliable paths from the state is based on the Wald
estimated paths is evaluated. The path estimates that fail our deg@st [11]. We select the estimated path weight amplitudes of each
ignated threshold test are then dropped from the state. The genel&hhp as our test parametefs = a, = [azz7., - 'avv,p}T- The

principle of the estimation procedure is presented in Figure 1. test hypotheses for each pathareHy : 8, — 0 andHy * 8, = 0.
Pathp is valid (hypothesigl; holds) if

I II
- - E . ~ -1,
Data in: EKF State dlmgllslqnallty Data out: Ty = 01 ([Pk|k}9ré)r) b, > e, (20)
Vi, 01 determination 0,
[ 1

where[P]y 5 € RY"*Nr is a matrix containing the columns and

Figure 1: Estimation procedure principle. The state vedgr ; (as well rows related to the parametefls. Ty is X2 distributed with de-

as other EKF system matrices) of previous time instant may have differer‘grees of freedomdff = N,). Thuse is defined as
dimensions than the current oég.

Pria> ) =1 [ ()de =, (21)

3.1 Extended Kalman Filter
: : : -and its value can be chosen to correspond to a confidenceclevel
The Extended Kalman Filter uses Taylor series expansion to lin f the probability of hypothesiélo given Tyy .

earize the nonlinear data model about the current estimates. To a . A > . .
ply the EKF one needs to compute the first order partial derivative§n FA detailed description of the implemented algorithm is shown

to the parameter® of the data moded(8), i.e., the Jacobian matrix igure 2.
0 0 0 Channel sounding datal | Initial values: !
D(9) = Ws(@) = %5(0) 50 5(0)} . (14) : ! 9{2}71 e PO and @ |
1 Lp Read observation yy, | LT T ko) 22 T T

............................................

P jk—1), Py and Ogur)-

The expressions for the computation of the EKF can be summarized Prodiotion for st — " ‘:
as 4 : Are 1ction f)r structura. piarame €ers L
[4l i L Bpe—1) = Be—1p-1) + Aﬂ(kf1|k(11 '

~ ~ ' inear parameters ;1) in closed form. !

Okik—1) = POk_1k—1) (15) ; ;

T ! Estimate the DMC noise covariance R, j 1

P _ = ¢)P _ _ CD =+ 16 [ y,k ]

(k|k—1) (k—1]k—1) Qk (16) 1 from ye — s(Bs 1)) ]

A H A -1 A : ]

IO k—1) = Z'm{Dk(akk—l R. Dk(ekk—l)} ' - ~ '
(klk=1) (klk=1)7%y & (klk—1) ! | Compute J(0xr—1), Ry) and q(ye|0(xk—1), Ry)- | '

-1 A - i [] !

P = (P +3(B(ji-1) ) 17 . -

(klk) (klk—1) ( (klk 1)) @n b Compute the EKF equations 1

q <Yk‘é(k|kfl)> 2 W{DERJ}; (yk —s (é(k|kfl)>>}

80y = P p—1) (I*J(G(Mkfl))P(k\k)) . y

' Search for P,¢, new paths from yj — s(0<k‘ k)) using | »

0 i he ML-estimator and update the state equations :

q (Yk 6 (k) — ) (18) : t 4 P q :

) R | (k‘kA D 1 P_1jk—1) Or—1x—1), Q and ® accordingly. :

O(kik) = O(k|k—1) 00k 19) : 1 ]

(k1k) (k] ) ’ E II | Propagation path reliability check. ]

where 5 : 1 I
q (yk |97Ry,k) = a—a[,(yw,Ry’k) . Drop unreliable paths from state using Wald test |

: and reduce P, ), Q and @ accordingly. 1

is the score function, i.e., the partial derivative of the log-likelihood | *_ .. oo o .

function with respect to the parametésand

Store the parameter
estimates.

T
0 0
JO.R, 1) = —E2 L Lyrl0. Ry o) [ ZL(y.]0,R
(0. Ry 1) { 00 (¥416, Ry, 1) (39 (vl y’k)> } Figure 2: Complete estimation procedure. The upper level concepts in Fig-
ure 1 are marked with areas | and II.

is the Fisher information matrix [10].

3.2 State Dimension Determination 4, ESTIMATION EXAMPLES
Due to the dynamical nature of the radio propagation environments}.1 Estimator performance in simulations

:_he number of est_lmated paths, ie, th_e state (_jlmenS|on, varies justify the usage of the proposed motion model we compared
ime. We determine the state dimensionality, i.e., the number o h f f two state-space motion models: one with the
paths to be tracked, through a two stage procedure: € performance ol two S P L . :
rate of change included only as uncertainty in the state noise co-
1. A search procedure for new paths, and variance, and the other one having the first order derivatives of the
2. adropping criteria for unreliable paths. parameters with respect to time in the state. Two sets of noisy ar-
The search for new paths is relying on the Maximum Likelihoodetificial data were generated for simulations. The first set of data is
estimation based RIMAX algorithm [3]. It is performed at each for a static propagation path, i.e., the parameters remain constant
observation after the EKF filtering stage by providing the numberover time. The second simulation was run for data generated for a
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le-

single propagation path in an environment with a moving receiver

2.35

and a moving scatterer. In this situation the motion of the objects : : _‘
is linear, whereas the rate of change of the parameters is nonlinears NS e ot A7 e - —
The deviation of the delays and directions of arrival from the lin- £ o ﬁwxim[& \\\\\\\\\\\ 23 3
ear state-space model depends on the distance of the two passing | —— __- s i
objects. 5 . 505 L

The simulation was run for 100 realizations, i.e., observations = AWW‘\WWM\/AWWW%VWWW
were generated using the same parameter values, but independer 1e-4- ]
noise realizations. We used the instantaneous RMS error of the es: =

0 50 100 150 200
Snapshot index

(a) RMS estimation error for normalized delay.

timates as the performance criterion. The RMS error is defined as

22 RMS error with A — -85
@ [ et [T en]
T - VTP on with App 1790
3 i . - = = = VA Pi)} or without Apr 105 ’;jn
whereR is the number of realizations. F ooy o TR ER
The results for RMS estimation error of the static scenarioare s |  T7me 17100 2
shown in Figure 3. Figure 3(a) shows the RMS estimation error in = 12105 =
g g 105 =
g AR AT Skt NN s
o4 RMS error with A7 0.001; ) ; . k|
© 10> —— RMS error without A7 |4 0 50 100 150 200
g VAP (ki) }r with A7 Snapshot index
g \ ~ — ~ V{P@w}- without Ar (b) RMS estimation error for Tx azimuth.
g 10'5'6, S~ o o . 4
2 Figure 4: Comparison of RMS estimation errors of two state-space motion
= models. Simulation was run for 100 realizations over 200 snapshots for a
108t ‘ ‘ 1 dynamic propagation path in constant motion. The value of the estimated
0 50 100 150 200 parameters are shown by the dash-dotted lines. Improved motion model
Snapshot index results in lower error variance.
(a) RMS estimation error for normalized delay.
167 ‘ ‘ conducted by Institute of Communications and Measurement En-
RMS error with Agp gineering, limenau University of Technology and Medav GmbH on
7RMPS) error W‘“{";‘t AA%@H August 12th 2004 at limenau city center using the RUSK channel
VIPuimlon with App sounder [6]. The transmit (Tx) antenna array was a 16 element UCA
» = =~ VAP &) }or Without Apg

(Uniform Circular Array) placed on a measurement trolley. The re-
ceive (Rx) array was an 8 element dual polarized ULA (Uniform
Linear Array). This setup enables the estimation of the parameters
in (8), excluding the elevation at the receivéry) due to elevation
10° s s s ambiguity of the ULA. Also half of the polarization components

0 50 Snapsigtoindex 150 200 (ver andygy) are not used due to single polarized Tx array. For

‘ a detailed description of the measurement, see [6].
The estimation results visualized here are for a route of the

Tx coming from a non-line-of-sight street canyon to a line-of-sight
Figure 3: Comparison of RMS estimation errors of two state-space motiorPP€n square where the Rx is located. Figure 5 shows the compari-
models. Simulation was run for 100 realizations over 200 snapshots fos0n of the Power Delay Profile (PDP) of the measurement, and the
a static propagation path. The two approaches have practically the sank@construction from EKF estimates. The PDPs are averaged over all
performance. channels ( Tx-Rx antenna pairs). Figure 6 shows the comparison of

Error magnitude (rad)
=
S

(b) RMS estimation error for Rx azimuth.

normalized delay over time, and Figure 3(b) represents the error in

Rx azimuth. The dashed lines in the figures represent the estimatec

error standard deviation, given by the square root of the correspond-
ing diagonal value of the filtering error covariance mafit; .

(17). From the results in Figure 3 we can conclude that in the case
of estimating static propagation paths, the enhanced motion model
does not improve the performance in terms of RMS estimation er-

ror.

The simulation was run for dynamic data with a propagation
path under constant motion. Figure 4(a) shows the RMS error com- ;7 AR L.
parison for the normalized delay, and Figure 4(b) illustrates the es- I
timation error for azimuth AoA. From Figure 4 it can be observed
that for tracking the propagation path parameters, which are chan
ing due to linear motion, the improved motion model clearly out-
performs the simpler one.

Delay (us)

04 05

9-"|gure 5: Comparison of measured (left) and EKF reconstructed (right)
power delay profiles. The EKF reconstruction includes also the effect of the
DMC estimate, which can be observed as an exponentially decaying slope
. below the peaks resulting from the strongest path estimates.

4.2 Performance using measured data

The performance of the estimator was validated in practice usinthe Tx azimuth angle estimates of the same measurement. The EKF
real world measurement data. The measurement campaign wastimates have a good match with the estimates from a maximum
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5. CONCLUSIONS

M this paper we introduce an enhanced state-space model for track-
dpg the radio channel propagation path parameters. This improved
Mmodel includes the rate of change of the structural parameters in the
state vector allowing enhanced prediction and path association from
snapshot to snapshot. Reliable prediction can also enable tracking
of paths over short term fading. Our simulations confirm that, in the
case of (close to) linear motion in the measurement environment,
the estimator using the improved state space model outperforms the
one where motion is not taken into account. We also address the
selection of the model order, i.e., the number of propagation paths
to track. Estimation results from channel sounding measurements
show that the proposed method produces promising results with sig-
nificantly reduced computational complexity compared to, e.g., the
RIMAX algorithm.

likelihood based RIMAX [3] estimator. It can also be observed that
the EKF tracks some of the propagation paths for a longer time tha
RIMAX. Currently the EKF is dropping the path estimates if they
are shadowed, but the improved prediction makes it possible to tra
the paths also during a limited period of shadowing or fading.
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