SEPARATE TEMPORAL AND SPATIAL PARAMETRIC

CHANNEL ESTIMATION

Jonas Strandell and Erik Lindskog

Signals and Systems, University of Uppsala, Box 528, SE-751 20 Uppsala, Sweden

Phone: +46-18-4713071, Fax: +46-18-555096, Email: jost

# radiodesign.se, el # signal.uu.se

ABSTRACT

A temporallyparameterized channel estimate can be

improved byprojection onto a spatiallyparameterized

subset. T he projection is performed in a spectrumnorm

sense, and is investigated bymeans of simulations. By

utilizing the channel estimation method in a

multidimensional MLSE detector, significant improvements

in the bit-error rates can be obtained, compared to using the

initial estimate of the channel.

1. INTRODUCTION

Due to the increasing demand of capacityin wireless

telecommunications, it is of great interest to find ways to

increase the spectral efficiency. Since the total available

bandwidth is limited, the focus is set on the spatial

dimension. T he spatial dimension can be exploited bymeans

of an arrayantenna at the base station, in combination with a

spatio-temporal equalizer. An indirect equalizer requires an

estimate of the spatio-temporal channel fromthe mobile to

the base station.

In [1], a maximumlikelihood method for estimation of

direction of arrivals (DOAs) and relative gains in a path

model, for several possiblycoherent signals, is derived. In

[2] this method is utilized in order to exploit the spatial

structure when identifying channels to an arrayof antennas.

In this paper we propose an improved method. First, an

initial estimate of the channels to the individual antenna

elements is formed, exploiting the a priori known temporal

filtering in the transmitter and the receiver, as described in

[3]. T he spatial structure of the channel is then exploited by

projecting the channel onto a subset of channels

parameterized in DOAs and relative gains.

2. CHANNEL IDENTIFICATION UTILIZING PULSE

SHAPING INFORMATION

Consider the uplink transmission. T he arrayis assumed to

have M elements. T he symbols are pulse shaped at the

transmitter, upconverted to the air interface frequencyand

transmitted through the air interface. Filtering and

downconversion is then performed at the receiver. T he

resulting systemcan be modeled bya continuous time filter

with impulse response p(t

c

) ( t

c denotes continuous time)

containing all a priori known filtering at the transmitter and

the receiver, a physical channel with impulse response h

i

(t

c

)

fromthe mobile to the i :th antenna element, and additive

noise n

i

(t

c

) . Figure 1 shows the continuous time model,

where the derivative operator p is used. Setting the sampling

period T to 1, we get the output sequence y

i

( t ) for the i :th

antenna, where t represents discrete time. T he transfer

function fromthe symbols d(t) to the discrete time output

y

i

(t) will therefore be modeled by the FIR-filter

Fig. 1. Continuous time transmission model.

B

i

(q -1 )= b

i 0

+ b

i 1 q -1 +...+ b

i,nb q - nb , where q -1 represents the

backward shift operator, i.e. q -1 x(t)=x(t-1) . T he discrete time

model is depicted in Figure 2.

Fig. 2. Simple discrete time model.

T he channels B

i

( q -1 ) can nowbe identified byformulating a

least-squares problem, but since the filtering performed at

both the receiver and transmitter can be considered known,

it is wiser to use this information and onlyestimate the

unknown part of the channel [3]. In Figure 3 this approach is

applied to an arrayof antennas. T wo samples per symbol

and two pulse shaping branches per channel are used. A

least-squares problemcan nowbe formulated using the

known signals x

ik

(t) and y

jk

(t) to identifythe polynomials

H

j i

( q - 1 ), giving the overall M x2 polynomial channel matrix

�

�

. (4)

The parameter matrices q and g are defined as

[ ]

[ ] q q q q q q q

g g g g g g g

=

=

10 20 11 21 1 2

10 20 11 21 1 2

�

� nb nb

nb nb

. (5)

In a realistic situation, one would have to consider the

effects of over- and underestimation of the number of paths

K

kl per sample and tap. In this study, we also make the

assumption that all angles are distinct, i.e. no angular

spread.

T he initial channel estimate � ( ) B q

0

1 - is projected onto

the subset

{ }

B q

q g ,

( ) - 1 in a spectrum norm sense, i.e.

� , � arg min � ( ) ( )

,

, ( , )

� , � q g

q g q g

= - - -

- -

B q B q

R q q

B B

0

1 1 2

0 0

1 1

D D

(6)

giving B q

� , �

( )

q g

- 1 . The norm A q

W q q

( )

( , )

-

-

1

1 is defined as

the trace of the constant term of the matrix polynomial

A q W q q A q H ( ) ( , ) ( ) - - 1 1 . (7)

The error of the initial estimate � ( ) B q

0

1 - is defined as

D � ( ) � ( ) ( )

B q B q B q

true 0

1

0

1 1 - - - = - (8)

where B q

true

( ) - 1 is the true channel (in the subset

{ }

B q

q g ,

( ) - 1 ). T he double-sided matrix polynomial

R q q

B B D D � , �

( , )

0 0

1 - is the expectation of the spectrumof

D � ( ) B q

0

1 - , i.e.

[ ]

R q q E B q B q

B B

H

D D

D D

� , �

( , )

� , �

q g q g q g kl kl kl kl kl kl

R i i B B

b b = -

ì í

ï î ï

ü ý

ï þ ï -

D D 0

1

0

. (28)

This can be solved as (see [1])

{ }

[ {

[ ]

� � ( � ) � �

� arg min � � � ( )

( ) � ( ) ( ) � �

,

/

,

/

, ,

, ,

g q q q q q q

q

kl B B kl B B kl kl kl

H

B B B B kl

H kl B B kl

H kl B B kl

R A R b b R R A

A R A A R b

kl

=

= -

´

ù û ú

ü ý þ

ì í

ï ï ï î

ï ï ï

- + -

- -

- - -

D D D D

D D D D

D D D D

1 2 1 2

1 1

1 1 1

(29) where

[ ]

A a a a kl kl kl klK k

( ) ( ) ( ) ( ) q q q q =

1 2

� (30)

and + denotes pseudo inverse. T he above non-quadratic

minimization with respect to q

kl can be solved bysome

gradient method, and the resulting angles and relative gains

of each path in each tap give the final channel estimate.

4. EXAMPLES

In this section the channel identification methods discussed

in Sections 2 and 3 are applied to a multipath channel with

intersymbol interference. Independent Rayleigh fading is

assumed. T he example physical channel have taps of equal

mean power at delays 0, 0.33T , 0.67T and T . A raised

cosine pulse with roll-off factor 0.35 is used. For simplicity

a ULA (uniformlinear array) is used. Distinct angles are

assumed (no distributed transmitters).

Four identification methods have been investigated and

compared; unparameterized least-squares identification

(LS), parametric spatial projection initialized with the

unparameterized LS-estimate of the channel (LS-PSP), the

method of [ 3 ] utilizing the pulse shaping information with

two branches and two times oversampling (PS), and finally

the here derived parametric spatial projection initialized by

PS (PS-PSP). T he gradient method for the non-linear

minimization in the PSP-methods is initialized bythe true

angles. T he true angles would of course not be known in a

real situation, but if the angles varyslowly, estimated angles

fromthe previous frame could be used to initiate the angle

calculation of the current frame. We onlyneed initial

estimates good enough to avoid false local minima.

T he methods can be compared bystudying the relative

channel error, defined as

� B B B

true

Frobenius true

Frobenius

0

- (31)

where � B

0 is a matrix with columns formed bythe M x2

matrix taps of � ( ) B q

0

1 - . A more useful performance

criterion is the bit-error-rate (BER) achieved byusing the

channel estimates in a multi-channel MLSE [4].

Figure 5 shows the relative channel error and the BER as

a function of the number of antennas. T he signal-to-noise

ratio (SNR) was chosen to -5 dB. A co-channel-interferer

with the same delayprofile as the signal of interest but with

different DOAs was simulated, giving a signal-to-

interference ratio (SIR) of -3 dB. T he length of the BPSK-

modulated training sequence was chosen to 26 symbols.

Since LS and PS are purelytemporal methods, it is not

surprising that the channel errors remain constant as we

increase the number of antennas. LS-PSP and PS-PSP

utilizes the spatial structure of the channel, and therefore the

channel errors decrease as the number of antennas increases.

(a)

(b)

Fig. 5. Relative channel error (a) and BER (b) as a function

of the number of antennas. Solid is LS, asterisk LS-PSP,

dashed PS and dash-dot PS-PSP.

We can see that the BER is significantly improved for PS-

PSP compared to LS-PSP. If 4 % is an acceptable BER, the

number of antennas can be reduced from 12 to 9. Note that

the BER for all methods decreases as the number of

antennas increases because of the improved antenna gain.

5. CONCLUSIONS

T he channel estimate obtained by the method of [3] was

improved by projection in a spectrum norm sense onto a

subset parameterized in angle of arrivals and relative gains.

T he resulting channel estimate was compared to other

estimates in terms of relative channel error and BER. T he

spatio-temporal methods outperform the purely temporal

ones as the number of antennas is increased. A notable

improvement can also be seen when comparing the

proposed method to the method where an unparameterized

initial LS estimate is used, see [1].

REFERENCES

[1] M. Cedervall and R. Moses, ~Efficient Maximum Likelihood

DOA Estimation for Signals with Known Waveforms in the

P resence of Multipath~, IEEE Transactions on Signal

Processing , vol. 45, pp. 808-811, March 1997.

[2] E. Lindskog, ~Array Channel Identification Using Direction of

Arrival P arameterization~, in Proceedings of the IEEE

International Conference on Universal Personal

Communication, Cambridge, Massachusetts, U.S.A , Sept. 29 -

Oct. 2, 1996, vol. 2, pp. 999-1003.

[3] E. Lindskog and J. Strandell, ^Multi-User Channel Estimation

Exploiting P ulse Shaping Information~, in Proceedings of the

9th European Signal Processing Conference, Island of

Rhodes, Greece, 8-11 Sept., 1998.

 [4] E. Lindskog, ~Multi-channel maximum likelihood sequence

estimation~, in Proceedings of the 47th IEEE Vehicular

Technology Conference, vol. 2, Phoenix, Arizona, USA , May

5-7 1997, pp. 715-719.