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ABSTRACT [XLTK95]. Xu et. al presented th€ross Relation (CR)

- . L method which does not use statistics but deploys the prop-
A new seml-pllnd a_lgor_lthm _for channel estimation is pro- erty of commutation of the linear convolution [XLTK95].
posed. '_I'he Intention is to improve the_e_st|mat|on of the Blind channel estimation is inaccurate for the case of noise
channelilmpulse' response based on training data. We def\/loreover, the algorithms presume that the channel is time-
ploy the information gained from the properties ofthe whole ;. - i+ Gver many symbol times.

re_cei\(ed signal in order to reduce_the dimensfion of the opti- In generalsemi-blind methods combine both approaches.
mization problem encountered with the tra|.n|ng data bgsedm this work, we present a semi-blind channel estimation
method. The new method is compared with an algorithm o444 which deploys the CR method. Li and Ding [LD98]
based only on training data, and another semi-blind algo- o sented a similar approach which leads to higher compu-
”th.m' Asa Qescrlptwe measure for evaluation the bit error tational costs but does not improve the data transmission.
ratio (BER) is used. The new algorithm still keeps the idea of channel estima-
tion via a training data basédast-squares method. How-
1. INTRODUCTION ever, the solution is constrained to a reduced signal saespa
which lies in the manifold of CR solutions.
The task ofchannel estimation is to find an approxima-
tion B(t) € £? of the channel impulse response by process- 2. CHANNEL MODEL
ing the received signal in baseband in order to remove the
distortion caused by the dispersive characteristics abrad We presume that there is more than one receiving antenna
channels. but only one transmitting antenna. Moreover, we refer to
Most of the standards for mobile communications include the narrowband assumption. Hence, the channel impulse
training data which can be utilized for channel estimation. responses;(t) only differ in the complex factog;,,. There-
The usage of training data leads to a straight and accuratdore the impulse response of th¢h channel
channel estimation for the price of reduced capacity caused
o .. P

by transmitting training sequences. On the other hand, the hi(t) = Zg' 5(t—7) 1)
blind channel estimation approaches do not need any train- ¢ R
ing information. They are based on statistical properties rt
of the received signals [TXK94, MDCM95, KZ98] or ex- whereg;, € C is the amplitude ana, € R is the de-
ploit the diversity of two or more antennas at the receiver lay time which is modelled as a stochastic process with a



uniform distribution ovef0, 7,,,.. ] (delay spread). Hereby, Y=

we approximate the real chanpel impulse funciioa @2_ : yiNh +30—1] wu[No +31—2] - 3[3]]

R — C by |t§ representatlc_)n ina subspgce of a finite set w[Nh + 31 [Ny +30=1 - p[30+1]

of dirac functions. We consider onli? dominant paths be- , , ) .

cause paths with small amplitudes are neglected. Without : : B :

loss of generality we set = 0 andg;; = 1. The received ye[Nel — 1] y:[Nil = 2] oy [Nl = Naj

. . . . 6)
signal at the-th antenna element in baseband is equal to . . (
9 a with Y, € CNel=Na=3l+1xNn “we end up with the follow-

zi(t) = hi(t) xy(t) +ni(t), i=1.....M, (2) ing least squares problem:

. 7 2
corrupted by additive, white, gaussian noisgt). The m’i“HYh —a>, (7)
symbol %’ denotes the linear convolution. The received
signal is sampled times per symbol duratioff, over N, where the transmitted and received signals are arranged in
symbols. The data sequence used in the remainder is Y., o
13
Y = [ } , and (8)
T(] 0 Yt
24N :,7:7;(777,), n=0,...,IN,— 1. 3)
_ T 1T
We approximate the unknown channhg(t) with wp = e, ] ,
Ly = [-T'i[Nt'rpos +3l] -,‘T'i[Nt'rpos +Ntl _Nh”
Np—1
Ty, 9
t——tm) @) ©)

hi(t) = Z hi[m]d( . . '
m=0 with z; € CN/I-No =341 N, is the number of the first
received sample that belongs to the training sequence. The
solution of (7) is the multiplication with the Moore-Peneas
pseudoinverse & ,thus,h = Y T, = (YHY) 'Y P,

This approximation is reasonable since we have to match
the original channel only over the bandwidth of the trans-
mitted signal. The number of impuls@g, has influence on
the quality of the algorithms presented in this paper. We as-
sume that the delay spreag,. is known, thus, we choose 4. BLIND CHANNEL ESTIMATION
a Ny, = Tma/To in order to cover the whole delay spread

with the impulse response of the estimatfqmt). In [XLTK95] Xu, Liu, Tong, and Kailath presented the

Cross Relation (CR) method for blind channel estimation.
The CR follows from the property of commutation of the
3. TRAINING BASED CHANNEL ESTIMATION linear convolution. For simplicity let us consider two chan
. ) ) . nelsh, (t) andhy(t) since the CR method can be easily ex-
Since the GSM standard includesVa = 26 bitlong train- s ded for more than two antennas. We excite both of them

ing sequence in the midamble of each burst we exemplarily,yith the same input signal(t). Then the output of theth
examine the training based channel estimation method for.ponnel equals; (1) = y(tj x hy(t).

GSM. We have to take into account that fBaussian Min- Let us assume that we filter the signalt) with h.(t) and

imum Shift Keying (GMSK) signal in GSM has “memory”, . () with 1, (#). Fig. 1 depicts this configuration. The out-
because all previously sent bits have influence on the CUrpyt signalsry» (#) andz», (1) are the same due to the prop-
rent value of the phase. However, after four symbol times erty of commutatiorhy (£) * ha(t) = ha(t) * ha(t). Since
the phase portion according to a particular bit has the con-ml(f) andz»(t) are known we can substitugét) « h;(¢) by

stant valuetr/2 [JKZ99, JU9S]. , As a consequence, we z;(t) andh(t) by h,;(t). The basic result of the CR method
do not use the samples of the first three symbol times of-S

the training sequence, because we do not know the values ; A R
of the prio?bitsc,] hence our actual training sequence isthre _ g_cz(t) *M(t) = _‘T‘l(t) * hz(t).__ 0 _(10)

bits shorter. So we know the transmitted sequence and theh\fter receiving the transmitted signal, it is sampletines
received signal of the remaininy, — 3 bits of the training ~ Per symbol time, and sinde(#) is a weighted sum of Dirac
sequence. The GMSK modulated training sequence reagélelta functions we can use the sampled version of the CR.

as We again collect the samples|»] in a convolution matrix
LNl T 2i[Np— 1] 2[Np—2] -+ ;0]
yi[n] = exp <]§ Z ot (Ton - mTO)) . (5) x. _ z;[Np] wi[Np —1] - x4]1]
m=0 2 . . . .
wheret,, € {—1,+1} are the known training bits. By [ mi[.lNS —1] m,;[.lNg 2] ... mi[.lNS — Ny J

collecting the transmitted signals in the convolution rixatr (11)
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Figure 1: Principle of the cross relation (CR) method.
with X; € ¢1V-~Nut+1xNi and put the taps df;(¢) in the ing vectors ofV,, = [v,41,Vy12,...,v2y,] SPan the lin-
vector ear manifold of nontrivial solutions of minimum residuum
o ) ) ) - |U 2. 08])2 where@ € R2N» =7,
h = [hl[O],...,hl[Nh — 1], ha[0], ..., ho[Np — 1]} The CR method inherits a serious disadvantage: the
(12) Cross Relation is unintentionally fulfilled if the estimdte
€ C2N»¥1 This leads to following system of equations: channels have highpass characteristics. The received sig-
) ) nal is zero outside the bandwidth of the transmitted signal.
[X5,—X:]h = Xh = 0. (13) If the h;(¢) are highpass, then the convolution will also be

zero inside the bandwidth, and the difference is zero over
To find the solution we apply th&ingular Value Decom the whole band. To avoid these bad estimates Zoltowski
position (SVD) to thelN; — Ny 4+ 1 x 2N), matrix X = and Tseng [ZT98] proposed the Maximum in Band Energy
[X 5, —X ], thus, we get method (MIE). The MIE uses a solution out of the nullspace
of X, which maximizes the energy inside the bandwidth of

_ H
X =UXV". (14) the transmitted signal to avert trivial highpass estimates

If the column space oKX is not of full rank the2 N}, — r

smallest singular values.;1,0,42,...,02n, (Wherer = 5. SEMI-BLIND ESTIMATION
rank X)) are equal to zero. In this noisefree case the col-
umn Vectorsv, 1, v,,....vsy, Span the nullspace of Obviously, a combined approach of channel estimation both

matrix X and the manifold of nontrivial solutions of (13).  utilizing training sequences and a blind method is supposed
In the following we refer to the rank as the rank of signal  to outperform the accuracy of a single strategy solution. To
subspace and t& , resp. X, as the noisefree (s)ignal and accomplishthat, Liet. al. [LD98] proposed the combination
(n)oise part ofX . of the training method and the Cross Relation (CR) method
In practical applications, the samplegn] and the matrices ~ (13) in form of the least squares problem:

X ; are noisy and the column space of matkixis numeri- -

cally of full rank. If we know or estimate (cf. [WK85]) the miin IXh — 23, (17)
reduced rank of the noisefree signal subspace, represented
by matrix “X ;”, the SVD of X can be denoted by where
X = USESSVE + Uszcmvfi + Unznnv»f: - |V Yt 0 -| e
X={ 0 Y, and 5::[ ’](18)
X, X, [ X, X, J 0
(15)
Since this approach leads to a degradation (see 6. Simula-
where 5 5 tion Results) of the channel estimation performance for low
3= ss + Bsn O . (16) signal to noiseratio (SNR) we reformulate the problem: If
0 S < ) o
training sequences are available the channel estimatén ta
The matrixX,,,, = diago,4+1,0-+2,...,02x, ) represents  basically remains the least squares problemin (7) and blind

the diagonal matrix of th@ N;, — » smallest singular val-  approaches are merely considered as a method to include
ues ofX. Then it can be easily shown that the correspond- extra knowledge. Therefore, the plain combination of both



problems (17) can be outperformed by a more problem ad- 6. SSIMULATION RESULTS

equate approach.

First, in noisefree cases the CR method is correct and theln our simulations, we used a multipath channel with=
nullspace ofX exists. Consequently, the nontrivial solu- 10. The bit sequence and all channel parameters were cho-

tion of (13) lies in the nullspace. sen randomly for each Monte Carlo run except= 1 and
In practical applications which imply noise, the sampled 71 = 0. We assumed that the delay spreagd.. is about
matrix reads as 10us, thus, we set, .. = 37To, sinceTy, = 3.69us. The

X=X,+X, (19) received signak(¢) was sampled = 3 times perZ;. We

exploited the whole GSM burst for the semi-blind methods,
thereforeN, = 142. The lengthN,, of the channel esti-
min |\Xﬁl|§ & min HX.JL n waLH%- (20) mationh; was §et_to31 to cover the W_hole delgy spread.
In the new semi-blind channel estimation algorithm, we set
i . . . i ZNh —r = Nh.

The prementioned benefit from the blind channel estimation Figure 2 depicts théit error rate (BER) of the different

for the training bases estimation is that the solution of (7) methods compared to the BER ofaatditive white gaussion

must still suffice ) noise (AWGN) channel. The plots are the mean1®H00

Xh =0. (21) Monte Carlo runs. We show the results for the AWGN chan-
Unfortunately, the noisefree matrX , is not known. How- ~ Nnel to demonstrate the influence of the channel estimation
ever, assuming that we know ranlof the signal subspace, and equalization on the performance of the demodulation

and (13) is replaced by

we yield the nullspace estimate &, as: nul{X,) ~  With amaximum likelihood sequence estimation (MLSE)
sparfV,,). Then the reformulated least squares problem demodulator which is &iterbi Algorithm (VA) implemen-
reads as tation.

R R First, it can be seen that the semi-blind algorithm of Li

min||[Yh — x5 st hespatV,) < (22) et. al. [LD98] does not improve the channel estimation of

h the training sequence method. For leignal to noiseratio
(SNR) the semi-blind approach increases the BER, thus, the
result is worse. For greater SNR Li's method improves the
demodulation only slightly.
Our new semi-blind algorithm outperforms the other meth-
ods. The improvement in respect to the training sequence
method depends on the SNR, because the CR which we ex-
ploit is sensitive to noise. For low SNR the CR is very un-
precise and the plot of the new method moves very close to
the plot of the training sequence method W R < 2dB.
On the other hand, the semi-blind algorithm has the same

1. Nullspace estimation: estimate the signal subspace BER at9dB as the training sequence method18tiB.

min ||[YV,8 - a/’f”% (23)
h

With the Moore-Penrose-pseudoinverseYoy ,, the esti-
mation

can be denoted ds = V,,(VEYEYV,) VvEYHy,
The new semi-blind channel estimation algorithm is sum-
marized as follows:

dimension: Hence we gain about/B at a SNR ofl0dB.
rank[ X o, —X4]),
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