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Adaptive H,, Channel Equalization for
Wireless Personal Communications

Weihua ZhuangMember, IEEE

Abstract—n this paper, a new adaptive H filtering algorithm
is developed to recursively update the tap-coefficient vector of a
decision feedback equalizer (DFE) in order to adaptively equalize
the time-variant dispersive fading channel of a high-rate indoor
wireless personal communication system. Different from conven-
tional L, [such as the recursive least squares (RLS)] filtering
algorithms which minimize the squared equalization error, the
adaptive H.. filtering algorithm is a worst case optimization. It
minimizes the effect of the worst disturbances (including input
noise and modeling error) on the equalization error. Hence, the
DFE with the adaptive H., filtering algorithm is more robust to
the disturbances than that with the RLS algorithm. Computer
simulation demonstrates that better transmission performance
can be achieved using the adaptiveH ., algorithm when the
received signal-to-noise ratio (SNR) is larger than 20 dB.

Index Terms—Adaptive algorithm, decision feedback equaliza-
tion, H. filtering, wireless communications.

I. INTRODUCTION

because the components are relatively small if the tap number
of the filters is large. However, unless a robust filtering
algorithm is used, it is possible that the small modeling error
may result in large equalization errors.

Recently, a new class of optimal filtering algorithm has
been developed usinf,, minimum spectrum error criterion
[6]-[9]. In order to cope with disturbances of partially un-
known statistics, the disturbances are modeled as deterministic
square integrable signals, where only an upper bound of
the signal power is assumed to be finite. This replaces the
method of modeling the disturbance signal as a random
process with a given spectral density, such as in the case
of the L, filtering. The H., filter is designed to ensure
that the operator relating the noise signals and modeling
errors to the resulting estimation error should possess an
H., norm less than a prescribed positive value. In other
words, the H, filtering is to minimize the worst possible

N A TYPICAL indoor wireless environment, a transmittecamplification of the disturbance signal. In this paper, we
signal often reaches a receiver via multiple propagatignvestigate the application dff ., filtering to a DFE for high-

paths. In high-bit-rate transmission, the propagation delgate data transmission of wireless personal communication
spread of the time-dispersive (or frequency-selective) mulllystems. In particular, a new adapti#,, filtering algorithm
path fading channel results in intersymbol interference (ISR developed in order to equalize time-variant fading channels.
which dramatically increases the transmission bit error raf@eoretical formulation and mechanization procedures for the
(BER) [1]. Channel equalization is an efficient approachqaptive ., filtering algorithm are given. For comparison,
to combating IS, and decision feedback equalizer (DFfge transmission performance of the system using a DFE with
is the most popular nonlinear equalizer for severe fadifge r| g algorithm is also studied. Computer simulation results
channels. Adaptive filtering algorithms are used to adjust t@ﬂow that the performance of the newly proposed adagive

'tap c;eﬁ![me:[nts kOf t?e DFE .ac;:c;r(:jl.ng tohequalllz;tlor; er:ﬁfﬁter is better compared with that of the RLS filter in terms of
in order to track a time-variant fading channel [2], [3]. %gualization error and transmission bit error rate.

previous algorithms have been based on the minimization The remainder of this paper is organized as follows. In

the variance of the equalization error, i.e., the filtering Section I, after a brief introduction of the communication
such as Kalman and the recursive least squares (RLS) filterin ‘ ' del und iderati th licati f th
approaches [3]-[5]. Using Kalman filtering algorithm, it i efr_r|1 mode u: er _consl eraollpno,l edapp ca |ondo e
assumed that the receiver knows the statistical properti@s<> _|ter|ng to t_e D_FE IS studie » and a new a ap_tlve
of additive Gaussian noise. In addition, tie algorithms HC,?> filtering algorithm is Qer|ved for time-varying dispersive
may not be robust against any uncertainty of channel fadi(%d'r_‘g channels. Comparison between the new adagive
models. For example, both feedforward and feedback filtéf$ering algorithm and the conventional RLS algorithm is
of a DFE have a finite impulse response, while an idedliscussed. Section Il presents the equalization error and BER
ISI cancellation may require that both filters have an infiniteerformance analysis using a DFE with ti#&, and RLS

impulse response. The tails of the filter response are ignofétering algorithms, respectively, where coherent quadrature
phase-shift keying (QPSK) is used with differential encod-

ing and decoding. Computer simulation results are given to
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Fig. 1. Functional block diagram of the system model: (a) transmitter and receiver and (b) DFE.

II. ADAPTIVE FILTERING ALGORITHMS FOR THEDFE A. System Description

In this section, a new adaptivH.,, filtering algorithm is Fig. 1(a) shows the simplified functional block diagram
derived to optimize the tap coefficients of the DFE in ordesf the digital communications system under consideration.
to achieve ISI-free transmission over time-varying dispersiviéhe modulation scheme is coherent QPSK with differential
fading channels. In order to distinguish the differences betweencoding and decoding. The fading dispersive channel corrupts
the L, filtering and H, filtering, we defineL, norm of a the transmitted signals(¢) by introducing multiplicative
discrete-time signal andi., norm of a discrete-time systemenvelope distortion, carrier phase jitter, and propagation
transfer function in the following. delay spread. The transmitted signal is also corrupted by

Definition 1: The L, norm of a discrete-time signét.; } is Gaussian noise with one-sided spectral dendity At the

receiver, a DFE is implemented at baseband to jointly

perform the equalization and carrier phase synchronization.
(1) The DFE has ann + 1)-tap feedforward filter and amn-

tap feedback filter, as shown in Fig. 1(b), where the input

to the feedforward filter is the received signal sequence

Definition 2: If I is a transfer operator that maps a discretg+,}, and the input to the feedback filter is the decision
time input signal{«; } to a discrete-time output signgb}, on previous symbols{z,}. The complex tap coefficients

then theH., norm of F' is defined as {Ck—10yCk—11y" " yCh1nsOk—11,06-12, " b_1m} are
) jointly optimized with demodulation phase to minimize
1|0 2 sup llvll2 ) equalization and carrier phase synchronization error. For a
o =

w:0<fulls <oo |l13 slowly fading channel, the variation of the carrier phase

jitter introduced by the channel over one symbol duration

where ‘tup” stands for supremum. Thél, norm can be is very small(<), therefore, it is possible to combine the
viewed as the maximum energy gain from the infuj.} to equalization with the phase demodulation (details are given in
the output{w}. [10]). The differential encoding and decoding are necessary
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Fig. 2. Squared equalization error in the two-path Rician fading channel.

10”

—_
<DI
o

Bit Error Rate

—_
o\
w

10 1 1
5 10 15 20 25 30 35 40

SNR/bit (dB)

Fig. 3. BER performance in the two-path Rician fading channel.

in order to remove any possible phase ambiguity in the joiahd 2) anH., minimum equalization error spectrum criterion.
optimization. The former is a modified Kalman filtering problem where a
The design of the DFE with the optimal tap-coefficientlynamical error weighting function is used. The latter is a
vector is considered in the following using: 1) the RLS alminimaximization problem where the maximum “energy” of
gorithm, anL, minimum equalization error variance criterionthe estimation error over all disturbances is minimized.



ZHUANG: CHANNEL EQUALIZATION FOR WIRELESS PERSONAL COMMUNICATIONS 129

Bit Error Rate
5\

10 -
5 10 15 20 25 30 35 40

SNR/bit (dB)

Fig. 4. BER performance in the three-path Rician fading channel.
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Fig. 5. BER performance in the two-path Rician fading channel with colored Gaussian noise.

B. Thel, Filtering (RLS) Algorithm where
In Fig. 1(b), the signal applied to the decision device is
given by * * * * * * T
U =[5 Thets s Thns —The 1 —The2s """y —Thpn]

n m "
k= en1oithoi — ¥ b1 = UGy (3) Crot = [Gr—1,0, G110 G,

: : . . . -

i=0 i=1 br—1,1,06—1,2, s bu—1,m]
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Fig. 6. BER performance in the two-path Rician fading channel using adaptivealgorithm withk = 0 dB and f,T" = 0.005.
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Fig. 7. BER performance in the two-path Rician fading channel using adaptivealgorithm withk = 0 dB andA = 0.85.

are complex vectors, the superscript tlenotes complex con- received signals up t6 = (k — 1)T. The equalization error
jugation, “I™ transposition, and H” Hermitian transposition. att = k7" is defined as

C*k,l is an estimate of the optimal tap-coefficient veatar |
att = (k—1)T, whereCj,_; is time invariant over a number

of symbol intervals (a reasonable assumption for a slowyhere d;, is the corresponding desired signal. The design
fading channel). The estimatg._; is computed based on thecriterion of the RLS algorithm is to adaptively estimate the tap-

e Sdp—yp =di — U Gy 4)
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Fig. 8. BER performance in the two-path Rician fading channel with and without error propagation.

coefficient vector such that the weighted squared error (cosatrix of (n + m + 1) dimension,v;, is a zero-mean ran-

function) at¢t = k7’, defined as

k k
J= 3" = SOA g - UG LT (8)
2=0 1=0

dom process representing system noise vector,«ands an
unknown disturbance resulting from the input additive noise
and the modeling error of the DFE (due to the finiteness of
the tap numbers). We shall not make any assumptions on the
disturbancess. and wy. The estimation error at,, = k7" is

is minimized. In (5),A*~% is an exponential forgetting factor yofined as
taking into account that the channel impulse response changes

with time. If A = 1, then all data are to be treated equally; if ek ZUYCL —UY G, (11)

A < 1, then the data obtained at earlier times are to havelnatheL
smaller influence than more recent data. The RLS algorithgfn C, ;

for updating the estimate of the tap-coefficient vectrcan
be summarized as [4], [5]

Cr = Cre1 + Ko (di — U Crsr)”
K = P.U, ()\—i- U;?PkUk)_l
Pey1= (P — KU P /A

(6)
(7)
(8)
where the(n + m + 1)-by-(n + m + 1) matrix P is defined
as P, 2 Y8\ iU;UH] 1. The initial values ofCj, and
P, can be chosen a5y = 6, P, = 61 for a soft-constrained

initialization, whereé > 1 is a large positive constant ard
is the identity matrix of(n + m + 1) dimension.

C. TheH,, Filtering Algorithm

filtering, we are interested in the optimal estimation
owever, in theH,., filtering, we are interested in
the estimation ofz U,fka, the linear combination of
Ci's elements. As a resultep, = 2, — 2Z,. The measure
of performance is defined as the transfer operator which
transforms the disturbancesg,(andwy) and the uncertainty of
the initial tap-coefficient vector valug’y) to the estimation
error (ex) [7]

k
J— D izo €
= ~ 2
|Co — CO|]2)0—1 + 2 im0 v

2
Qi

k
%,_71 + Ei:O |wz|€‘71

(12)

where the notatiofr|% is defined as the square of the weighted
(by G) Ly norm of z, i.e., |z|3, £ 2 Gz, Q) > 0 and
Wi > 0 are the weighting variables, ant, > 0 and
po > 0 (i.e., positive definite) are the weighting matrices

In general, the DFE can be described by the following statéth (n 4 m 4+ 1) dimension. The weighting variables and

and measurement equations:

Cr+1 = ArCy + v

(9)
(10)

where Cy, is the optimal tap-coefficient vector under the

constraint of a finite tap numberi; is the state transition

matrices are left to the choice of the designer and depend on
performance requirement. The optimal estimateamong all
possiblez; (i.e., the worst case performance measure) should
satisfy

17]lo = J< 4P (13)

sup
(v, wi,Co)
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where~+? > 0 is a prescribed level of disturbance attenuatioa number of data symbol intervals. As a result, the optimal

and the supremum is taken with respect to the worst cas@-coefficient vector can be assumed to be unchanged over

noise, disturbance, and parameter uncertafiaty wy, Co). It the time interval for adjacent two updates of the vector. The

is assumed that thé, norms of{v;} and {w;} exist. assumption is reasonable as long as the normalized fading rate
The design objective of thH ,, filter is unique as compared fp7,, < 1 (where fp is the maximum Doppler frequency

with that of the L, filtering. It is to process the receivedshift of the fading channel arfi, is the time interval for each

signal samples (at baseband) to produce an estimate of the tgmdate of the vector). In this case, the state equation (9) can

coefficient vectorC;, and, at the same time, to guarantee thae approximated by

the co norm of the system error transfer functigd||.. is less

than or equal to a prescribed positive vakfe The discrete

H_, filtering can be interpreted as a minimax problem wherige_, Ay

the estimator strategy/,"Cj. plays against the exogenous,yer a short duration of time (a number of symbol intervals),
inputs v andw,, and the uncertainty of the initial vect@fo. 1t inadequate over a long time interval. By introducing a

The performance criterion can be equivalently represented @gqetting factor to the filtering algorithm, we can overcome

Cryr = Ch (19)

~ I and v, = 0. The approximation is adequate

k the limitation of the approximation over a long time interval.
min max J =—|Co— Col>1 +_ [|eild, As a result, the approximation (19) is used in the following
ek (uewi, Co) i3 7 analysis.
_72(|wi|§4]_71 + | %,_71)] (14) In the case that the fading channel has a time-variant

impulse response, thél., filtering algorithm needs to be
where “min” and “max” stand for minimization and maxi- modified in order for the tap-coefficient vect6t, to change
mization, respectively. The minimaximization problem can b&daptively to the channel status. One approach is to introduce
solved by using a game theory approach. Following the resudis exponential forgetting factor to the design criterion as in
given in [8] and [9], it can be proved that for a givef value, the case of the RLS algorithm, where the design criterion [(12)
there exists arf, filter for z if and only if there exists a and (13)] can be modified to

stabilizing symmetric solutio?, > 0 (k = 1,2,---) to the ko okl 12

following discrete-time Riccati equation: 1F oo 2 2izo A leilg,

sup & 212 k k—s 2
(wi,Co) A |CO — Co|p,1 + Ei:O A |w7‘,|w>—1
o i

<+ (20)

—1
+ Vi +7 2 Pey1Unyr

(@i +fy_QU,fﬂrlPkHUkH)_lU,ffrlPkH (15) In (20), the exponential term\*— gives a larger weight
(-l -2 Hy—1 to the more recent data (including the estimation error and
Po=(po" =77 Uo@oly’) (16) disturbances). Equation (20) can be equivalently represented
If the solution P, exists, then thed ., filtering algorithm can as

) b
be descntied as A A - - SF oA |@i|2Q7. .
Crp = A1 Crmy + Koo (di — U;fICk—l) 17) (wi,Ca) |Co — C'0|1/2;1 + Zf:o )‘7i|wi|€vfl -
— 5] i
Ky = AP (Wi + UEPUL) T (18) (1)
where the initial condition can be selected @ = 0 and In order to derive an adaptivé]l,, filtering algorithm
Py = 61, with § >> 1 being a large positive constant. based on the design criterion (21), we introduce the following

Comparing (12) and (13) with (5), we observe that: 1) in thigansformations so that we can represght||.. in the same
H.. and RLS filtering, both equalization error sequefeg format as||./||.. corresponding to (12) and (13). Let
and estimation error sequenge; } are treated as a determin- _ & N R
ot . i . Crp = \7F20, Cp = 2"*2C,
istic process; 2) the RLS algorithm is to minimize the average “* k k k
squared equalization error (tie norm of equalization error), e =AM, =UHC, - U’gfék (22)
therefore, it belopgs t@2 filtering; an.d.3) the'HC><> fllterlng. is Go = \"M2dy g = A2 = dy — UH O,
a worst case optimization because it is equivalent to minimize
the effect of the worst disturbance on the estimation error. then the system model can be described as

Cry1 = 41Cy, (23)

hA -

In practice, it is very difficult (if not impossible) to obtain dp = Uy Ci + wi (24)
the channel state transition matrit;. of (9) because the yynere 4, = A~1/2I. The design criterion (21) can be
channel impulse response of a dispersive fading channelgirespondingly transformed to
a random process. Therefore, in reality it is not easy to .
implement theH, algorithm described in (15)—(18), and an, -, dicol@ild, )

i ithm i inglf llee = sup ——— S <7°. (25)

adaptive H,, algorithm is necessary. For a slowly fading (o) |Co — Co2 +E’? (|2
channel, the channel impulse response is time invariant over ’ 07 M Olpy =0 wt

D. AdaptiveH,, Filtering Algorithm
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By using the newly defined variables (22), we have obtainds a result, (34) and (35) can be simplified to
the new system model [(23) and (24)] and design criterion

-1 _ -1 H ~—2 H
(25) which correspond to the one with= 1 described by (9) Py = A0 + U =47 e Uiy (39)

and (10) and (12) and (13), respectively. Therefore, we can Pyt = (M) — 372U, UL (40)
make use of théd, filtering algorithm (15)—(18) for the new ) o
system model, as follows: In summary, the newly developed adaptivé,, filtering

. N o . . algorithm for the DFE can be described as
Cr = Ax—1Cr_1 + Ky (die — U Cr—y) (26)

Ry = AP U (Wi + UEBUL) ™ (27)

Pry1 = AP A — 4, PUL Wy + UE BUL) T UH B AT
+ 7_2Pk+1lfk+1(Q;4l_1 + ’y‘2U;filPk+1Uk+1)_l

x U Py

Ok = Ok—l + Kk ()\_I/Qdk - Ulﬁqék_l)*
Ky = BUY(A+ U P T
P = AP+ U UE - 3720, 0 U

(28) With the initial conditionCy = § and Py = (A8) 1 —
:}/_QU()UOH.
with the initial condition

Py = (py* =77 2UoQoUT) (29)
) o . The matrix Riccati-type equation (39) with the initial con-
If we use (22) to retrieve the original variables, then fromition (40) always has positive definite solutions as long as
(26) and (27) we obtain the parametefy is large enough. The adaptivié.. filtering
Cr=Cry + )\I/QKk()\—l/Qdk _ U;ffék_1)* (30) prqblem can have many solu'tion's (eaph for a propealu.e),
_ 125 . 1 which is different from the., filtering with only one solution.
Ky = A PkUk(Wk + Uy PkUk) . (1) In fact, the equation reduces to the Riccati equation associated
.- A 12 AP .. with the L, filter in the limit where4 approaches infinity. In
ZyO)dizr(]jm(%gkas ARy and B = AB, we can rewrite design criterion (20), it is observed that the smallerithe
value, the less effect the interference has on the equalization
Cr=Ch 1+ Kk()\_l/Qdk — U[’ék_l)* (32) error. On the other hand, we require that the Riccati equation
_ " —1 (39) to have a positive definite solutidf.1 (k=0,1,2,---).
Ky = PU(AWi + U BUL) B3 Asa result, the minimumy value att = (k + 1)T, Jprt1,
The matrix P, can be calculated according to (28) and (29lepends om\, P, Uy, andUy.41. In the following, we propose
Substituting A, = A~1/27 and P, = A1 P, into (28) and an algorithm for adaptively adjusting value to its minimum

E. Recursive Algorithm for the Optimél

(29), we have at each iteration folCy ;.
L L . 1y For the adaptived ., algorithm, from (39), in order foF;.41
Prp1 = A7 P = AT PR UL (MW + U P UL) U B to be positive definite, it requires

v 2P Un s (MQE 472U Prya Uyr) - -
Y . k+1 k+1( Qk-l—l v k1L k41 k+1) AP, Iy UkU,fI _ ’kalUkHUlg—l >0
X U1 Pt (34)

! (35)

Po= (A"t = A 200Q0UST) = AP+ UL > 3, U Uiy
0= Po — v 0lolg .

~ _ —1
= Appd > Ut UL (AP + ULUT)
If the weighting variables and matrix are chosen to be = 32, 1> AU U (I — K UH) P,

., =1, W, =1, andp, = 6 and let3 = Vv, (34 . 1 - -
?r:n be Writtken as e ! e = Yiepr > max{eig[ A Ui Ul (1 = Kol ) B }

Poy1 = (AP — (AT POUL L+ UF (AT POU] ™
x UT AT PL) + Popr U (72 + U,

= Gt = Emax{eig A Ui UL,
x (I — KU B} (41)

1

—lo.H wheremax{eig(A)} denotes the maximum eigen value of the
X PrsUin) Ui B (36) matrix A, aidgg}gs ;}constant close to one, but larger than one to
which is equivalent to ensure thaf is always greater than the maximum square root
» - - eigen value of the matrix ' U1 U, | (I - KU ) Py, butis
Pit1 = PertUss1(7° + U1 PetiUs1) - Uiy Pt close to it. It should be mentioned that thg ;.1 value chosen
= (AR - (AT P)UL [1 + U,f{()\—lPk)Uk]_l to be 'Foo close to th(_a maximum square_root eigen \_/alue may
« UF(O1P). (37) result in that the matrix’;,; is close to a singular matrix. This

may cause an ill-conditioned numerical problem in solving the
Using the matrix inversion lemma [5] matrix Riccati-type equation. Singular perturbation methods
can be used to overcome the problem [11]. On the other hand,
B—BO(D+CHBC)'CYB = (Bt +CD'C")™  the¢ value can be increased accordingly for (i > k+1)
to avoid the singularity. In fact, &1 value larger than the
minimum value may be desirable if the SNR value of the
(38) received signal is relatively low (i.e., if the equalization error

we have

(Po + 372U UfL) ™ = (B + )™
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mainly results from the input noise instead of the modelingp-coefficient vector estimat@), is updated once over each
error), which will be discussed in Section IIl. sampling interval (i.e..l,, = 7).
Comparing the adaptive., filtering algorithm with the

adaptiveH. filtering algorithm, we observe the following: 1) o, Equalization Error

the adaptiveH, algorithm [(32) and (33)] has an observer
structure the same as that of the RLS algorithm [(6) an
(7)] and 2) each filtering algorithm has its unique recursiJ'!?g
algorithm for updatingF. However, when?, approaches

infinity for all %, the adaptiveH, filtering (39) reduces to . : . . .
y P g (39) increases no matter which algorithm is used. With a larger

the RLS filtering (8); 3) thelL, filter usually provides a tactor. the st th of the first-oath sianal i d
good estimate of the tap-coefficient vector with minimum lea gractor, the strength of the first-paih signal increases an

squares error. On the other hand, since the adagfiyefilter the degree of the first-path fading decreases, so that the ISI

is designed based on an upper bound of the estimation erFd)rmponent (from the second path) is relatively reduced. As a

it is more robust in the practical equalization of time-variar{Fsu“' the equalization error is also reduced; 2) when SNR/bit

fading channels. The algorithm minimizes tHe, norm of the <20 c_jB, _input noise _is a dominant fac_tor_responsible for the
mapping from exogenous inputs (disturbance including noi guah;atlon error. Sl_nc_e the chan_nel IS _tlm_e vanant_ and the
and modeling error) to the estimation error. The strength rgetting factor\ < 1 is introduced in the filtering algorithms,

the adaptiveH., filter lies in its superior performance at theln® initial tap-coefficient vector uncertaintfo — Co) does

peak error range and in its impressive robustness to param@t%tr c<|3ntr||buttr(]e_d much to the tﬁrrtor ;veraged cljlver 5000 ddata
uncertainty and modeling error; and 4) compared with gp@Mpies. In his case, we see atihdhas a smaller average

RLS algorithm, the adaptivé{., algorithm achieves bettertequzd'Zf"?llttlor_1 errtl)r thtﬁn t_héfoo algor;th;?lé{ln olther_tzv orgls,
performance at the expense of an increased complexityhdeI?_ : _erlngta?]?[rl Gm IS superior 93 Cﬁ’ a%OI\TRﬁr;EI(?
the optimal4 value is evaluated and used at each iteratio andling input white Gaussian noise; 3) when Bl

According to (41), the evaluation involves the computationy’ Fhe equal_lza'uo_n error corresponding to the adapive .

of products and summations of matrices and the maxim erng algorlthmlls much S“?a”er than that corres.pondlng

square root eigen value of the matrix. to the RLS algorithm, t_espemally when the_SNR/bl? has a
large value. The reason is that, as the SNR/bit value increases

the effect of the input noise decreases and the equalization

error mainly results from the modeling error. In this case,

algorithm is much more powerful in suppressing the effect

The BER performance of coherent QPSK with d|ﬁ‘eren(—)f the modeling error on the equalization error; and 4) when

2}"" efq;:odmg de _t%ecodlgg RULSISngla [_)t';E with thet_adlapt_l\{ﬁe SNR/bit increases to a very large value such as 30-40
= TIIteNg algorithm an aigorithm, respectively, ISdB, equalization error floors exist no matter which filtering

evaluz_ited by co_m_puter sjmulations. Time-varian-t dispersi_ ‘Fgorithm is used, due to the residual ISI, especially when the
Rayleigh and Rician fading channels are considered, wi sired path experiences deep fading

propagation delay between any two adjacent paths equal to
one symbol intervall’. It is assumed that only the first path
may have a line-of-sight (LOS) component. Théactor of the
Rician amplitude fading is defined as the ratio of the averageFigs. 3-5 show the BER performance of the system using
power of the LOS component to the average power of thiee DFE in the two-path Rician fading channel with additive
diffusive component of the first path. The value of théactor white and colored Gaussian noise and three-path Rician fading
is selected as 5, 0, andoo dB (i.e., Rayleigh fading) in the channels with additive white Gaussian noise, respectively. The
following analysis.p; and p» are defined as the ratios of theadditive colored Gaussian noise is generated by applying a
average power of the first-path diffusive component to that afhite Gaussian noise sequenfe;} to a linear filter with

the second-path diffusive component and to that of the thirttansfer functiond (=) = (1 — 0.92) 1. It is observed that: 1)
path diffusive component, respectively. SNR/bit is defined as the value of thé-factor increases, the BER floor decreases
the ratio of the ensemble average of the received signal power matter whether the RLS algorithm or the adaptiig,

(per bit) from all the paths to the variance of the receivealgorithm is used because the increase of khfactor is
additive white Gaussian noise except for Fig. 5 where coloreduivalent to reduce the ISI (delayed signal) components. With
noise is used. Two channel models are considered: 1) twnless severe ISI level, the equalization accuracy is increased,
path channel witlp; = 0 dB (i.e., both paths having the sameso that the BER performance is improved; 2) in the case that
average power of the diffusive component) and 2) three-pa8iNR < 20 dB, the noise component accompanying the input
channel, withp; = 1.0 dB andp, = 2.5 dB. The normalized signal is relatively large. The input noise is a key player
fading ratefp 7T is chosen to be 0.005 characterizing a slowlfor the equalization error and the effect of modeling error
fading channel and the forgetting factdiis chosen to be 0.85 becomes negligible. Therefore, it is further verified that the
except some specified situations. The DFE is assumed to hdyealgorithm is more capable of suppressing the effect of the
a three-tap feedforward filter and a two-tap feedback filter. Tlh@put noise on the equalization error than the adapfikg
sampling interval is equal to one symbol inter#a| and the filtering algorithm; 3) the DFE using the adaptiig,, filtering

Fig. 2 shows the squared equalization error averaged over
e first 5000 data samples versus SNR/bit in the two-path
ician fading channel. It is observed that: 1) the averaged
equalization error decreases as the value of AhRctor

B. BER Performance
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algorithm has a much better BER performance than thét, diverges from its optimal valu€’;, as time elapses. As
using the RLS algorithm when SNR/bit 20 dB, especially a result, a high BER floor is observed whan= 1 due to a
when thek-factor has a large value. With a large SNR/bilarge modeling error. An increase of the SNR/bit value does
value and a large:-factor, the equalization error primarily not reduce the probability of transmission error. The BER
comes from the modeling error. As a result, it proves that tiperformance with the DFE can be even worse than that without
adaptiveH,,, filtering algorithm has a much better capabilityusing the DFE. Therefore, it is necessary to havk walue
of combating the modeling error than thg algorithm; 4) smaller than one, so that the filtering algorithm can adapt to
the BER performance over the three-path channel is worggannel fading dynamics. The value ofletermines how alert
than that over the two-path channel for the satfactor and the adaptived, algorithm is able to equalize the time-variant
the same filtering algorithm. From the delay-power profileading channel. A smalk means that DFE can quickly adapt
of the channels, we know that the ISI component over thie a new channel status, and, at the same time, it is sensitive
three-path channel is much more severe than that over tbeinput noise. The best choice afvalue is thus a tradeoff
two-path channel. Moreover, since the DFE tap numbers dretween alertness to the changes of the channel status and
kept the same in both cases, the modeling error over the thraeise sensitivity. If the channel fading rate is fixed, then there
path channel is larger than that over the two-path channekists an optimal\ value. This is verified by the simulation
With a larger ISI component and a larger modeling error, thhesults shown in the figure. Using = 0.85 results in a
BER performance over the three-path channel is inferior, amaller probability of transmission error than that using either
expected; 5) comparing Fig. 3 with Fig. 5, the BER floor (foA = 0.95 or A = 0.75, due to the fact that both input noise and
SNR/bit > 30 dB) does not change when the input additiveystem dynamic tracking error simultaneously deteriorate the
Gaussian noise is changed from white to the colored. Thisnsmission performance. In summary, the optimuwalue
is because the effect of input noise on the equalization eraegpends on how fast the channel status changes compared to
is negligible in the SNR/bit domain. The major error sourcie noise level in the input signal.
is modeling error, which is the same as long as the channeFig. 7 shows the effect of the channel fading rgieT
fading statistics do not change; and 6) when the input noiese the BER performance using the adaptife, filtering
component is relatively strong with SNR/bit 20 dB, the algorithm, over the two-path channel with= 0 dB, A =
BER performance over the fading channels with colored noise35. With a smaller value offp 7", the channel fades more
is better than the corresponding one with white noise. Tistowly, so that the estimaté), converges to the optimal
colored noise has a strong correlation among noise sampleltively faster. Therefore, with a smaller equalization error,
over a number of symbol intervals. With the reduction ahe BER performance is improved. As the channel fading
the randomness of the input colored noise, hbthand H., rate fpZ increases, the BER performance degrades. This can
filtering algorithms have a better ability to mitigate the effedte mitigated in two ways: 1) by reducing the value bf
on the noise on equalization performance. correspondingly (as discussed), so that the DFE can better
From the above analysis of Figs. 3-5, we see that a compt@ck the variations of the channel and 2) by updat(ﬁ;g
mise between thé, algorithm and the adaptive ., algorithm more frequently (i.e., over a time interval less than a symbol
can be made to obtain the best BER performance over a braatgrval), so that the variation of the channel status over the
range of the SNR/bit value. The most desirable tradeoff wou{dmaller) interval is reduced. During the simulations, we have
be one where the best estimator in the norm sense can beobserved that the adaptivé,, filtering is less sensitive not
obtained among the set of filters that satisfies a gi¥®g only to the modeling error, but also to the exact knowledge
error bound. However, so far no theoretical solution is knowsf the system dynamics.
to achieve the tradeoff. According to the analysis in Section Il,
this objective can be achieved suboptimally by choosing
betweeny,, x, k = 0,1,2,---, (corresponding to the optimal D. Effect of Error Propagation

7 7 7

H filter) and oo (corresponding to the RLS filter). When |n the above simulations, correct decisions are used in
the SNR/bit has a small value, a Iar@eshould be used to the decision feedback of the DFE, i.e., no error propaga-
combat the input noise, otherwise yavalue close to that of tion effect is taken into account in the analysis. However,
¥m, Should be chosen to combat the modeling error. error propagation is inherent in the DFE. Once a decision
error is made, it will propagate down the feedback filter.
, . Fig. 8 demonstrates the effect of error propagation on the
C. Effect of the Forgetting Factor and Fading Rate BER performance using the adapti¥,, filtering algorithm.
Fig. 6 illustrates the effect of the forgetting factor on thés the value of thek-factor increases, the probability of
BER performance using the adapti¥g,, filtering algorithm. bit error reduces, which also reduces the probability of er-
When A = 1, all data samples are treated equally in theor propagation. For example, as increases from 0 to
calculation of the most current estimate of the tap-coefficiedt dB, the error floor is reduced from 1.2 103 to 2
vector, no matter how long it has elapsed since each data wasl0—* in the absence of error propagation and from 7.7
sampled. In other words, the filtering algorithm tries to finck 102 to 6.0 x 10~* in the presence of error propaga-
an estimateC, that converges to a constant optimal valugon. The improvement in the case of error propagation is
C; = C. Since the channel impulse response is time variasightly better than that of no error propagation. However,
the optimal valueC; changes with time, and the estimatehe pattern of the BER performance improvementkai-
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creases with error propagation is very similar to that without

error propagation.

IV. CONCLUSION

A new adaptiveH ., filtering algorithm has been developed 3
for the DFE in order to equalize indoor dispersive fading

radio channels. Thed,, filtering algorithm minimizes the

effect of worst disturbance (including both input noise ands;
modeling error) on the estimation error. A forgetting factor is
introduced to theH ., algorithm in order for the DFE to track

the variations of the channel status as time goes by. It has

been shown that a8 approaches infinity, the adaptivé,,,

filtering algorithm converges to the RLS algorithm. Computerg

simulation results have demonstrated that the adaptive

filtering algorithm has superior performance in suppressin
the effect of modeling error on the equalization error an
bit error rate and is less sensitive to the exact knowledge of
channel dynamics, however, in the case of a large-input nofdd

component, a compromise between #he, and L, algorithms

should be made in order to achieve better BER performandéll
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