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Finite-Alphabet Based Channel Estimation for
OFDM and Related Multicarrier Systems

Shengli Zhou Student Member, IEEEBNd Georgios B. Giannakigellow, IEEE

Abstract—Novel blind channel estimators based on the finite al- - and the remaining part of the OFDM symbol is FFT processed.
phabet property of information symbols are derived in this paper A combination of IFFT and CP at the transmitter with the FFT
for OFDM and related multicarrier code-division multiple access at the receiver converts the frequency-selective channel to sepa-

(MC-CDMA) systems. The resulting algorithms are applicable not .
only to standard OFDM transmitters with cyclic prefix, but also rate flat-fading subchannels (see, e.g., [1], [24]). Frequency-do-

to the recently proposed zero padded OFDM transmissions that Main channel equalization is then applied by dividing the FFT
improve symbol recovery at the expense of altering the transmitter output by the corresponding channel frequency response. How-
and complicating the equalizer. Based on FFT-processed receivedever, symbol recovery is not assured if the channel has nulls
data, channel identifiability is guaranteed regardless of channel on (or close to) some subcarriers. If Channel State Informa-
zero locations and various channel estimation algorithms become . - . .

available by trading off complexity for performance. Unlike tlon_ (CSl) is available _at_ the transmitter, channel nullg can b_e
existing blind channel estimators, the proposed alternatives avoided by not transmitting symbols on those subcarriers as in
require short data records especially for PSK transmissions. The DMT [19]. But CSl is not always available or it may be costly
inherent scalar ambiguity is easily resolved because it has unit tg acquire at the transmitter when the channel is time-varying.
amplitude and phase values drawn from a finite set. Decoupling Recently, zero padding (ZP) has been proposed in [10], [20] to

channel from symbol estimation enables a phase-directed op- | the CP. i der t ¢ blind bol
eration that improves upon decision-directed schemes that are '€Place the CP, in order to guarantee (even blind) symbol re-

known to suffer from error propagation. Practical issues are also COvery regardless of channel zeros at the cost of modifying the

addressed including the presence of frequency guard intervals, transmitter and complicating slightly the equalizer.

constellation and power loading, various frame designs, coded  gocq,5e they save bandwidth and are capable of tracking slow

transmissions as well as semi-blind and online implementations L . . . Lo
channel variations, blind channel estimation and equalization

for systems with training sequences. The algorithms are tested : ! <
with simulations and also compared with existing alternatives in Methods are well motivated as they avoid use of training se-

a realistic HIPERLAN/2 setting. qguences [13], [21]. A number of blind channel estimators have
Index Terms—Blind channel estimation, multicarrier transmis- beeri deYe|0ped for OFDM- Some of them are geared toward
sion, OFDM. multicarrier systems without CP [8], while others are based on

cyclostationarity [12], and subspace decompositions that exploit
the CP or the ZP structure in OFDM transmissions [15], [20].

In this paper, we develop and analyze a new channel esti-
OLDING great promise for high rate transmissions, omation method that is applicable to both CP- and ZP-OFDM
thogonal frequency division multiplexing (OFDM) hadgtransmissions and relies on the finite alphabet property of infor-

been adopted and is currently being considered by many staration-bearing symbols. Unlike subspace methods developed
dards, including digital audio and video broadcasting (DABor CP-OFDM, channel identifiability is guaranteed here even
DVB) in Europe and high-speed DSL modems over twistadhen the channel has nulls on subcarriers. Although ZP-OFDM
pairs in the United States [7]. OFDM has also been proposed fprarantees channel identifiability and symbol recovery, it is not
local area mobile wireless broad-band standards [23] includingplicable to existing OFDM standards where the CP is in-
IEEE802.11a [6], MMAC, and HIPERLAN/2 [4]. serted. Moreover, subspace-based methods for both CP- and
In order to avoid intersymbol interference (I1SI) arising due tdP-OFDM require collection of data records that are sufficiently
channel memory, conventional OFDM systems first take the ileng to render the data covariance matrix full rank [15], [20].
verse Fourier transform (IFFT) of data symbols and then insént contrast, PSK transmissions with the novel method enable
redundancy in the form of a cyclic prefix (CP) of length largechannel estimation even from a single OFDM symbol at high
than the FIR channel order [1]. CP is discarded at the recei&XR, which is also impossible for statistical methods such as
the one in [12]. Reducing the size of required samples equips
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Fig. 1. Transmitter/channel/receiver for CP-OFDM (top) and ZP-OFDM (bottom).

Il. MATRIX FORMULATION OF CP-AND ZP-OFDM 1),...,z(iP + P — D]V and n(i):= [n@EP),nGP +

. T .
The block diagram in Fig. 1 (top) describes the conventlon}fﬁ ”I P+ P~ :1)]1‘ -Let FO behtheP X Phlc;;/ver tnangu%ar
CP-OFDM system. First, the information streatw) is parsed oeplitz matrix with first column{(0), ..., h( .)’ 0, .- ".O] :

into blocks:s(i): = [s(iM), s(iM + 1), . .., s(iM + M — 1)]* and H; be theP x P upper triangular Toeplitz matrix with

S firstrow [0,...,0,A(L),...,A(1)].
of lengthM, where the block indekx= |n/M | and| | denotes .
integer floor. For each symbol index V\L/e/car{ write|hJ: iM+ Re'y”f‘g on a0) and the fact thafl) = 0,1 ¢ [0, L], we can
m, with m € [0, M — 1] henceforth indicating the positionthen write (1) as
inside the symbol block(i) which constitutes th&h (so called)
OFDM symbol. Thel/ >(< )1 symbol blocks(z) is then mapped x(¢) = Hou(d) + Hyu(z — 1) + (1) @
to a blocku(i): = [u(iP),u(iP + 1),...,u(iP + P — 1)|*
of length P > M by taking theM - pomt IFFT of s(i) and
replicating the last”? — M elements in the front to form the
CP.

Let I, denote the lasP — M rows of theM x A iden-
tity matrix I; andFy; be theM x M FFT matrix with(m, n)
entry (1/v/ M) exp(—j2rmn/M). We describe the CP inser-
tion using theP x M transmit-matriXI‘cp = I, I}, ] . Ma-
trix ‘I, along with the IFFT matri>F i allows one to express

; i ; H da.
et ansmited bk an() = T fa() Where™ Ge- ) o) BuR. () + By Ry

The resulting linearly precoded “OFDM chip sequencé) = FuyRepHoT e, F1s(i) + 1 (4)
is then pulse-shaped (not shown in Fig. 1) to the corresponding =FyHFYs(i) + Nep(1) 3
continuous time signak.(t) = > 72 _ w(n)e.(t — nT),
where T is the chip period andy.(t) is the chip pulse wherenCp() = FuRepn(i) is the filtered noise vector and
(subscript . denotes continuous-time signals). The tran{{ = R, H(T,, is the resulting channel matrix. It can be
mitted waveform u.(t) propagates through a (possiblyeasily verified that is an A x M circulant matrix with its
unknown dispersive channeh.(¢) and is filtered by the (k, Dth entry given bya((k — I)modM). Becausd is a circu-
receive filter ¢.(¢), that is matched tao.(t) and has spec- |ant matrix, it is well known thaF ,, HF}, is a diagonal matrix

where the second term denotes inter block (and thus
inter-OFDM-symbol) Interference (IBI). At the receiver,
the CP of length? — M is removed first and FFT is performed
on the remainingd x 1 vector. In matrix form, this is ac-
complished with the receive-matriRc,: = [0x7x(p—nr); L]
which removes the firsP? — M entries from aP x 1 vector.
According to a0),R.,H; = 0 removes IBI (and thus ISI)
among OFDM symbols to obtain

trum |®(f)|?> with Nyquist characteristics and bandwidthD ;;: =  diag H(e?°), H(e/@™/M)) . H(e/@r/M)M=1))]
B > 1/(2T). Let I',(t) be the convolution of transmit where the diagonal elements are values of the channel fre-
with receive filters, and with~ denoting convolution let quency responsed (z): = EzL:o h(l)z~! evaluated at the

hl):= (e * he * @) Blimir = [T he(MTpp(IT = 7)d7  subcarriers: = /2=/Mm for eachm € [0, M — 1] (see e.g.,
be the equivalent discrete time channel impulse response. The, p. 202] for a proof). Therefore, we can rewrite (3) as
received signake.(t) sampled at the chip rate can then be

written as Yep(i) = Durs(i) + 1, (4)- 4)
z(n): :xc( Ne=nt = h(n) > u(n) +n(n) An alternative approach to removing Bl is to replace the CP
_ Z h(l ~ 1) +5(n) (1) insertion by zero-padding, as shown at the bottom of Fig. 1 (see
ufn mn also [10], [20]). To implement zero padding (ZP) at the trans-

mitter, the mapping matrix must be changed fragp toL',;,: =
wheren(n): = 7.(t)|i.=nr is filtered additive Gaussian noise
(AGN) and L is the order of the FIR channel. To avoid ISI, w

I;,,0% Mx(P— M)} . Note that IBl is canceled now at the trans-
select the CP length to be larger than the channel order and staiier becausél, T, = 0. Thereforeu(:) = T,pF};s(0),

it formally as and
a0) P— M > L.
To cast (1) from a serial to a convenient matrix-vector x(1) =Hou(i) + Hiu(i — 1) + ()

form, we define theP x 1 vectors:x(i):= [z(¢P),z(iP + =HoT,,Fiis(i) +nd). (5)
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H(e?) 7(¢;0) modulated OFDM transmissions entail second and higher order
) . powers ofy(¢;m), and are inspired by well known squaring and
s(1; 0) M g(z; 0) higher order synchronization loops, see, e.g., [18, ch. 6]
' : [ll. BLIND CHANNEL IDENTIFIABILITY AND ESTIMATION
H(e"F M-y f(i; M—1) We will start with channel identifiability issues from the

'

noiseless version of (8%(i;m) = H(pm)s(t;m), where we
omitted noise since we are concerned with basic feasibility
guestions first. Our results will be developed under the fol-
Fig. 2. Equivalent model with parallel flat-fading subchannels. lowing conditions that hold true in our OFDM setup:

ala) Symbols are drawn from a finite alphabet set of gize

Because the matrily T, F}; has full rank, time domain zero- '€ s(i;m) € {Cq}?ﬂ? . _ ‘
forcing (ZF) equalization can be applied to recover the tran@Lb) Symbols are equiprobable, i.e.(Rfi; m) = () = 1/Q,
mitted data as detailed in [20]; an efficientimplementation of tH&f ¢ = 1,-- -, Q.- _ _
ZF equalizer was proposed in [17] which amounts to invertir?) NOiSer(é; m) is zero-mean complex circular Gaussian and
aP x P diagonal matrix and performing a@f-point FFT after- independent o(é;m). . .
wards. Furthermore, ZP-OFDM can also adopt an FFT—basedA‘SSUénpt'oh ala) implies that the following equation holds
low complexity receiver as CP-OFDM [16]. Indeed, if we lef'u& I1,=i[s(ém) — (] = 0. Expanding the product yields a
I, denote the firs?> — M columns ofL,;, the matrixR,,,: = Qth-order polynomial ins(é; m)
[Inr, L] maps aP x 1 vector to anM x 1 vector by adding
the lastP — M elements to its firs? — M elements (matrix
implementation of the overlap-add operation in block convolyghere . . . , ) are determined by the constellation points
tion). After performing FFT orR,,x(i), we obtain {¢ 1S, The coefficients{a,, }7_; cannot all be zeros, other-
N P wise s (i;m) = 0 as evidenced by (9). Therefore, we can al-
Yap(8) = FuRopx(d) - - Q
"o ) ways find nonzero elements from the coefficient §ef, }
= F]\lRZpHOTZpF]wS('L) + FAlRZI)n(Z)' (6)

s(i; M —1) y(i; M—1)

s9%;m) + s m) 4 dag =0 9)

n=1;

let us defineJ to be the smallest index of such nonzero coeffi-

By defining#,,,(): = FyR.,,n(i) and verifying that cients, i.e.,

’ 91 ftaptl) g Definition 1: We defineJ such thatv; # 0; a,, = 0,V n <
T ~

RZPHOTZP = [I/V[a IZP]HO [I%/I? OT] =H= TCDHORCb J

It then follows easily that/ < Q. Let us check the value of
we can simplify (6) to J for widely used signal constellations. For aQPSK constella-
. . o o tion of sizeQ: {¢, = exp((j2rq)/(Q + j=/Q))} ., we have
Yop() = FarHEs(0) +4,5 () = Durs()) +1,,(1). (1) 7 = Q anday = 1 since (9) reduces t@Q(i;nqz) +1=0;

. erefore,J = 2 for BPSK andJ = 4 for quadrature phase
Equations (4) and (7) reveal that CP-OFDM and ZP-OFDM . . e . .
yigld the sE’;\rz]e eql(Ji\zalent channel model shown in Fig. %, ift keying (QPSK) signals. For QAM i signaling points,

and both convert the FIR convolutive channel to parallel fl .gF.,Q - 16’|32’|61t’ 128,206_,dwel%anAe'\;13|ly_([r\]/erlfy t?aﬂ —. i
fading subchannels. Through the transmit-receive mappérs or example, 1L us consider Q with signaling points
€ {+a £ bj} wherea, b € {1, 3}; expansion of the product

(Tep, Rep) and(T,,, R,p,) introduced herein, it is transparent? ;- 1™ .
that both approaches turn linear convolution into circul rq;lrES(Lf’ ml)_C(I] >_/|eld|3a4 :2”72 # 0. The facts thaJIS]ClJ
convolution that can be efficiently implemented via FFTs.  2ndt ‘T(t or 6|1rg_e-sk|]gna confste ations (e.g., QAMK Q wi

The subspace-based channel estimation methods propo%l%f% ey rloe m:j elrebsto our paper. o5 A dix 11 th
for ZP-OFDMin [20] and for CP-OFDM in [15] utilize structure ;‘f’r a al and alb), we prfove n [_ ’ Ippen DI(I ] that
information of pre-FFT-processed data(i). In contrast, our Et5° (i)} = —(J/Q)ay # 0 for any signal constellation.
channel estimation methods will rely gostFFT-processed We h|gh||%hF here that PSK constellations ha\{e.th_e nice prop-
datay.,(¢) of (4) or y,,(i) of (7); thus, they apply to both erty thats (i;m) = —(J_/Q)ou = —1 deterministically for .
CP-OFDM and ZP-OFDM. For uniformity, we subsequentl?nys(“m)'Thus’ alb) will not be necessary for PSK transmis-

droo th bscri : d 4) and (7) i lar f rTisions in our subsequent derivations.
rop the subscriptsp /zp and express (4) and (7) in scalar for Starting fromE.{y” (1:m)} = H (pm)ELs” (i)}, we de-
as
duce that
y(ism) = H(pm)s(t;m) +n(i;m), me[0,M—1] (8) -
HY(pm) = Qg {y/(i;m)}, Yme[o,M—1]. (10)

where we assign a double arguméntn) to quantities with ar- Jag

gumentn = M + m, and introduce{ p,,,: = e27/A)m f;ol For eachm, the right-hand side of (10) is available from the
for notational brevity. Per subcarrier, the channelis acomplex FFT processed data either via statistical averaging (across
constant whose blind recovery from the daté m) is reminis- i) or deterministically for PSK. HenceH’(p,,) can be
cent of phase and carrier estimation in nondata-aided synchidetermined and the question is how one uniquely recovers
nization problems. In fact, our blind channel estimators for PSK(p,,) from H7(p,,). To expressH’(p,,) in terms of
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h(l), we first defineBr:= [Bo,...,3sr] = h(l) x5 h(l) describes theZ-transform of3; evaluated a{~» = p,,} =3,

the J-fold convolution of h(l) with itself that we de- the vector3; can be estimated by a simple matrix inversidn (

note as *;. Since time-domain convolution correspondglenotes matrix pseudo-inverse) as

to frequency-domain multiplication, it follows that: A . 1 .

H (pp):= H(2)|ozp,:= (Bo+- -+ Brrz™"") ey, B;=Vih; = MV?hJ (13)

To determine the coefficientss,...,3sr uniquely from

H”(pn), we needJL + 1 distinct such equations thatwhereV’, = (1/M )V’ can be easily checked. Relying on the

become available whep,,, takes /L + 1 distinct values. FFT-processed datg;m) in (8) and capitalizing on the finite

Therefore, selecting block length/ > JL + 1 allows one alphabet o&(i;m), (12) and (13) provide sufficientinformation

to find fo, . .., 351 uniquely, which enables determination ofo recover the channel vecthr:= [h(0), ..., h(L)]*.

HY(z) = 3./% 82~ on the entire complex plane. Observing Starting from time domain vector (13) only, and based on the

that H (=) contains all the roots o () with multiplicity ./, fact thatg, has allL roots ofh with multiplicity .J, we can

we can extract from the roots éf” () thoseL roots that form search over/ L noisy roots of3, and find that combination of

H(z). This implies thatH (=) is uniquely identifiable up to a L roots that matcheh best (this corresponds to the Root Se-

scalar ambiguity, as we summarize in the following. lection (RS) algorithm in [25]). However, complexity of the RS
Proposition 1: If the length of a symbol block/ (which is increases fast as L increase, and, this nonlinear algorithm will

a system design parameter) is selected to satisfy JL + 1, exhibit sensitivity when roots are to be found in the presence of

then identifiability of thel th-order channel () is guaranteed noise. It is possible however, to derive a low-complexity linear

from the demodulated datgi; m) = H(p,,)s(é;m) for any equation (LE)-based channel estimator by observingghds

signal constellation under assumptions ala) and alb) Withthe ./-fold linear convolution oth [25]. Although very simple

specified as in Definition 1. Especially for PSK constellationsp implement, the LE method is prone to noise-induced error

alb) is not needed and thus channel identifiability is guarantgeépagation whei.(0)|, or |h(L)|, is small. Therefore, the LE

even based on a single OFDM block. method is only well motivated for wired-line applications where
As stated in Proposition 1, blind channel identifiability ighe strong path is synchronized to be the first path. Next, we will

guaranteed regardless of the channel zero locations. This niegcribe channel estimators starting from the frequency domain

property is not possessed by the subspace-based method degggithates in (12).

in [15], [14] for CP-OFDM, where the proposed subspace-based

channel estimator does not guarantee channel identifiability #r Minimum-Distance Algorithms

those channels with nulls on some subcarriers. Without assumpeiyven gJ(pm) estimates from (12), we develop here

tion alb) for arbitrary constellations, a more general proof @0 Minimum Distance (MD) algorithms. For each
Proposition 1 is provided in [25]. m € [0,M — 1], we haveH(pn) = Am[H”(pm)]",
Having established channel identifiability, we now develoghere \,, e {¢/®*/7)"}/—1 is the corresponding scalar
channel estimation algorithms in the presence of additive noiggnbiguity in taking theJth root. To resolve these ambigu-
The circularity of;(¢; m) in a2) implies thaki{7"(i;m)} = 0,  ities, we exhaustively search over all" possible vectors
vV n > 0, regardless of the noise color. Note also @t m) is fn: = DoAY (p)Y7 . i [ (par—1)]M 7] For each

complex circular Gaussian even with BPSK because it mod(ﬁls te th ding time d . tor th h
complex noise after FFT processing. Withas in Definition 1, we compute the corresponding time domain vector throug

a2) implies that Least Squares fittindy, = Vih, = (1/M)V7'h,, whereV,
is a scaled version of the firdt + 1 columns of FFT matrix
E {y/(i;m)} =E {[H(pm)s(i;m) +i(i;m)]” } Fy Vii= VMFy(:,1: L + 1). The matrix V; relates
—H (p)E {SJ(i;m)} (11) channel frequency response values with time domain channel
coefficients, andvi = (1/M)V]! can be easily verified.

and hence (10) still holds true. In practid&{y”(i;m)} is re- Channel estimates are then found by minimizing the Euclidean
placed by consistent sample averages and Hhli&,, ) is esti- distance

mated as . ) . . .
h = argming |87 —hy x5 hy]. (14)

I-1
N — 1
H(pn) = @ <— Zy‘](i;m)> , me[o,M—1] (12) Instead of (14), a joint maximum likelihood (ML) channel

JOéJ 1 < . . .

i=0 and symbol estimation could be pursued based on the noisy data
number of blocks averaged. wdh (8), by searghing for the best fit over all possible symbol and
channel combinations. Because both ML and MD resort to ex-
haustive search, it is of interest to compare them. If we col-
lect I blocks (each of lengthd/), the complexity of such an
ML estimator for aQ-ary constellation is proportional 137",
while the complexity of the MD in (14) reduces to only’ by
. ) 2 )éxploiting the known signal constellation to eliminate the un-
the ith to kth columns of matrixA. BecauseH, = VB8, known symbols(i;m). For PSK constellations, where= @,

) . M .
1n our following derivations, a vector with"indicates that its entries are f[he ML can have t_he same cqmplexny with MD ) only if
collected from frequency domain channel response. it operates on a single block instead of all availablelocks.

where [ is the total
next collect fIJ(pm) from (12) in an M x 1 vectori
Hy:= [H(po),...,H’ (prr_1)]". Define the matrixV ; to
be a scaled version of the firgtZ + 1 columns of FFT matrix
Fy; as follows:V ;: = VMFy(:,1: JL 4+ 1), where Matlab’s
notation A(: ,i: k) is used to denote a submatrix formed b
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In this case however, the MD will perform considerably better Note that each iteration of Step 2) entails akepoint in-

than ML because it decreases additive noise through block §¢rse FFT and oné/-point FFT; indeed,VZﬁil amounts to
eraging [cf. (12)], when compared to the ML that relies on t!-E :

I X | ; thouah | lox th erforming an}M-point inverse FFT orh; and truncating the
scalar noisy samples of (8). Although less complex than Mb, vt by keeping only the first + 1 entries;V, h;, amounts

the MD approach is sill too complex to be implemented bFfé performing am/-point FFT on amV/ x 1 vector formed after

cause often\/ > L in practical systems. Nevertheless, MD '%ero-paddingﬁil. Thus, the PD iterations have low computa-

always useful as a bound to benchmark performance of Si"npt||‘?)rnal complexity. It is also worth recalling thdt= 2 for BPSK

channel estimators. ;
and hence\,,, € {£1}. For the widely used QPSK, 16QAM
Because the channel order< M, the MD method does not ;4 64QAM we have/ = 4 so that),, € {+1,+j}. These

require tpe entire vectdi; to obtain the time-domain channelsgy phase values can be resolved easily via (15) with high accu-
estimateh, . This observation motivates the following modifiedracy even with coarse initial channel estimates. Our experience

Minimum Distance (MMD) algorithm: with simulations supports that the PD algorithm achieves the
1) SelectV elements fronﬂl and form a newV x 1 vector best performance with only two or three iterations. Hence, PD
h. For J¥ possibleﬁ, we obtain the time domaih, = is capable of performing close to the complex yet accurate MD

V'h, whereV is constructed fronV, by keeping only algorithm with much lower complexity, as will be illustrated in
the corresponding’ rows. The only requirement ai is  Our simulations. o o _
tosatisfyV > L+1, which guarantees that' exists. We ~ An alternative means of capitalizing on the finite-alphabet is
can choose thos& elements irl:n with largest absolute the decision-directed (DD) algorithm [13], [9], [25]. Based on

values, or simply focus of¥ equispaced subcarriers,  nitial channelle.stimategHo(pn})}ﬁf;ol, the DD algorithm con-
2) Obtain channel estimates as in (14). sists of equahzmg (8) usm@(z;m) = y(z;m)/Ho_(p_m), and
The complexity is now reduced fromi* to JN > gL+l then projecting the symbol estimates onto the finite alphabet.
rendering the MMD algorithm affordable for low order cr;anNeW channel estimates are then obtained by treating the re-
nels. Presence of (sdy,) pilot tones will reduce the complexity sulting s_ymbol estimates as known symbols,_ and.the process of
of MMD further. Indeed, as we will describe later on, we ca Iternating between channel and symbol estimation steps is ap-

determine the phases,, on those pilot carriers [cf. (15)]. In- plied re.peate('jly.unnl possible convergenc':e.

cluding those frequency responsehinwe only need to search S_ervmg a similar purpose, the PD algorithm outperforms the
over JN¥=N possible choices. The complexity with the help opD iteration for two reasons.

pilot tones isl /J N> of that without pilot tones, which makes the 1) The DD algorithm diverges easily &w SNRbecause

MMD applicable to longer channels with the same complexity. ~ symbol by symbol detection has poor performance. The
smallest Bit Error Rate (BER) will be that corresponding

B. Phase Directed (PD) Algorithm to known channels. To lower this BER level, Forward
Error Correction was considered in [13], where the
Viterbi decoder output was re-encoded to offer symbol
estimates at the expense of large decoding delay and
computational complexity. In contrast, the PD algorithm
reduces noise effects (and thus channel estimation error)
to arbitrarily low levels by averaging over more and more
blocks. Therefore, channel estimation accuracy improves
I|? consistently.
(15) 2) DD performance degrades as tumstellation sizé) in-
creases because the minimum Euclidean distance among
Therefore, we canimprove channel estimation accuracy through — constellation points decreases and thus symbol decisions
what we term Phase Directed (PD) steps that we describe next: become less reliable at the same SNR. In the PD algo-

As described in the MD approach, for eaelh we ob-
tain H(pm) = Am[H”(pm)]*’7 up to a scalar ambiguity
Am € {#®7/Dm )7L Suppose that initial estimaté® (., )
are available through the MMD algorithm, or, via the RS or LE
algorithms in [25]. For each: € [0, M — 1], we can resolve the
phase ambiguity by searching ovécandidate phase values

~

P . 1/
)\rn = argminy . ‘HO(prn) - )\rn [HJ(Pm)}

Step 1) Set; = 0, find an initial estimateh, using low rithm however,/ = 4 < @ for all QAM signals, and
complexity methods, and calculate the frequency re-  the same number of possible phase valis, +;} is
sponselo(py,) form = 0,1,..., M — 1. present regardless of the constellation size.

Step 2) In each successive iteration,iet :; +1,and  The main difference between PD and DD is that DD alternates
a) Resolve phase ambiguities by replacingetween channel estimation and symbol detection while PD

FIo(pm) with I:Iilrl(pm) in (15), and then avoids symbol estimation by decoupling channel estimation

form the vectorh; = [Ao[H”(po)]"/”, from symbol recovery. Therefore, PD is immgne to thg

A H (o DI 1T well—lknovx_/n error propagation phenomenon that_ is present in

b) Update channel estimatés, — Vih — DD iterations and is responsible for catastrophic “run-away”
; : 1t effects at low SNR.

H g .
(VM):VI h;, and their frequency response g price paid by PD is a certain amount of “mismatch noise”

usingh;, = Vih;,. that arises due to finite sample effects when ensemble quanti-
Step 3) Repeat S2 several (shY times, or, continue until ties in (10) are replaced by sample averages in (12). This mis-

h;, = h;,_; in the Euclidean norm sense. match is not present with PSK signals becass@; m) = —1
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(or 1 for BPSK) deterministically; i.e., ensemble averages co-For constellations other than PSK, block averaging in (12) ap-
incide with sample averages. To elaborate further on this mgoximates the ensemble averdgés" (4;m) } by the sample
match noise consider QAM signaling and noise-free recepticiuerage(1/1) Ef —> s7(i;m). In this case, we need to collect
where the DD algorithm converges to the ML solution and pe sufficient number of blocks to decrease the finite sample ef-
fect channel estimates are obtained. PD on the other hand, ¥¢lits that are prevalent especially at high SNR, where additive
be affected by the finite sample size and its channel estimatiagise can be omitted. Recall however, théti; m) assumes a
error curves will level-off (floor effect). With noise-free datasmall number of values, e.g., four distinct values for 16QAM
however, PD will yield accurate enough channel estimates, pend 16 distinct values for 64QAM signaling. This alleviates the
vided that sufficient blocks are used in the sample averagingquirement on the number of blocks
On the one hand, the error floor can be lowered to a prescribedRequiring short data records equips our channel estimators
level by collecting more and more blocks. On the other hand,ith the ability to track even rapid channel variations. At high
is even possible to eliminate the error floor by applying only or&NR, since one block suffices for PSK-based channel estima-
DD iteration after the PD iterations. This remedy though is onljon, the channel is allowed to vary even from block to block.
effective at high SNR values and for large-signal constellations,To appreciate how our blind channel estimators handle ad-
as will be illustrated in our simulations. ditive noise, it is of interest to compare them with benchmark
In addition to having low complexity and high channemethods that are based on training. To investigate the additive
estimation accuracy, the PD algorithm lends itself naturalibise effects only and avoid the additional approximation error
to tracking slow channel variations. Among many possiblgetween the ensemble averdgs” (¢;m)} and its sample av-
window choices, we here only present the simplest rectanguéige approximation, we here only focus on PSK constellations.
shape where we form sliding-window (of si2&) channel For one training blocK s’ (i;m) Y2}, we receivey(i;m) =
estimates by averaging only th&” most recently received H(p,,)s(i;m) + 7(i;m). The effective signal to noise ratio
blocks {y(i)}/_;_w-1 In (12). Note that the window shape(SNR) for channel estimation is thy& (. )|%p2/p2, where
and size can be chosen to balance the trade-off betwegn,?) stands for signal (noise) power. For each block, our blind
reduced-variance estimation and enhanced tracking capabmtwthods will first take the/th power of the received FFT-pro-
The resulting windowed channel update is cessed data to obtain

v i+ Lm) -y (= W+ Lm) g (ism) = HY (pm)s” (im)
E{s7(i+1;m)} (16) + Jij(i;m)s” G m)HT (o) + O (6 m)).
We can apply the PD algorithm to the new estimates a7)
M-1

(A, (pm)}M_3 and use the currenl{ (p,,) as an ini- i the nof o hiah .
tial esUmateHo(pm) in (15). Combining channel estimates mOml_ttmg the noise ternO.(n) .(L’m.)) at hig SEIR t e2 SNR
ertinent to channel estimation is no (p,..)|*p2/(J%p3),

16) with the phase-resolving step of (15) e s PD th
(16) wi P ving step of (15) equip W showing 101og; (/%) dB loss relative to the training- based

low-complexity tracking capability.
PD advantages over DD have important practical ramiﬁc?ethoOI '; both of them uEe only ?js'g%le block. However, this
tions. In a nutshell: either starting from a low-complexity blin oise enhancement can be remedied by averaging across many
ﬁy[) blocks as per (12), which decreases the noise power

channel estimator, or, by exploiting training sequences pres
in current OFDM standards as we will discuss in Section V- Emd thus increases the SNR Wylog, () dB. Therefore, our
ethod based oh = 4 BPSK symbols and = 16 for QPSK

the PD algorithm yields the best achievable MD performané@ tes the ch | estimai hable b
with reduced complexity and is capable of tracking slow chann proximates the channel estimation accuracy reachable by
one training block. Relative to a practical system that relies on

variations. N, training blocks (v, = 2 in HIPERLAN/2 [4]), our blind
channel estimation method will catch up after the receiver
accumulates about = J2N, blocks. Note that the training
We present next some unique characteristics of our blimdethod can only use finite training blocks and the number
channel estimators. of blocks IV, is usually fixed in practical systems, while our
1) Convergence Issues and Noise Effedds. we pointed out blind method can exploit the entire received data record [say
earlier, our channel estimators do not rely on statistical propdsecks). With only a few (abouf = N,.J?) blocks, our blind
ties of s(¢; m) for PSK transmissions, and thus symbglg m) method catches up with the training-based method (With
do not have to be equiprobable as required by assumption aldmpwn training blocks), and outperforms it as more blocks
It then follows that evemneblock is sufficient to yield reliable become availablél > N;J?).
channel estimates at high SNR with guaranteed channel identiFurthermore, the channel estimators herein do not require
fiability, which is never the case for other blind channel estim&nowledge of the AGN color. In contrast, noise in [15] is as-
tors, e.g., the cyclostationarity-based [12] or the subspace-basarhed white, or, the noise covariance matrix must be estimated
[15], [20] approaches. Recall that subspace-based methods rieearder to pre-whiten the received data covariance matrix as
to collect enough blocks to render the data covariance matrix faliggested in [20]. Note that colored noise has to be accounted
rank: at leasRM blocks are needed for CP-OFDM [15] and afor DSL applications because strongly correlated near—end
leastM blocks for ZP-OFDM [20]. cross talk (NEXT) constitutes a major impairment [1]. In such

Hi,{q-1(Pm) = ﬁ{,(Pm) +

C. Distinct Features
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cases, the subspace approaches [20], [15] or second ordérhe need for frequency guard-zeros is often ignored in the
statistics-based methods should calculate the noise color flitgrature as was pointed out in [14]. For the subspace-based
which certainly increases complexity. methods, frequency guard zeros call for increased dimension-
2) Scalar Ambiguity DeterminationAll blind estimators of ality of the noise subspace because the correlation matrix of
a channeh come with an inherent (generally complex) scalaR,; = E{s(i)s”(i)} no longer has ranRM but 2K [14].
ambiguity, i.e., blind channel estimatéssatisfy:h = oh, However, when the channel happens to have nulls on subcarriers
where« € C. Usually, blind estimators based on second-ordéwvhether used or not), the modified subspace-based method for
statistics can also determine the amplitude ¢flenoted by«|) CP-OFDM will still be unable to guarantee uniqueness in esti-
and leave the phase af (denoted by/«) belonging to a infi- mating channels with zeros located on subcarriers [14], [15].
nite set:Z« € [0, 2x]. To resolve this scalar (or phase) ambi-
guity, a few pilot tones are used in practice to determintey B. Constellation and Power Loading

comparing the estimated with the known frequency response oy g e see in (12), frequency response estimates on different

those pilot carriers. Because both channel estimates as wellg§earriers are independent of each other. Therefore, informa-
pilot tones are contaminated by noise, such a matching may ggh symbols transmitted on different subcarriers can be drawn
be accurate. It can even be misleading if the channel respogge, gifferent signal constellations and each can be possibly
on thos%pllot cafriers is not estimated accurately. However, §gsqeq with different power [1]. Our algorithms are directly ap-
causeH *(z) = H"(z) in our approach, the scalar ambiguityyjicaple to such cases by definingto be the least common
inh = ah must satisfy:a”’ = 1, which reveals thatv has  itiple of .J,, J1,. .., Jas_1, whereJ,, is defined in Defini-

unit amplitude:|o| = 1, and its phase belongs to a finite setij, 1 for the specific signal constellation transmitted orvita

CANS {Cj_(%/‘])n}i;é' As J = 2 or 4 for most practical signal gpcarrier. Recall that if we only load BPSK, QPSK, 16QAM,
constellations, the set is simpfyt1} or {+1, +j}. Thus, the g405aM signals, the overalf is still 4 and the complexity re-
task of recoveringy is simplified considerably. Only one pilot ,5ins the same.

symbol suffices to resolve this phase uncertainty by picking the
correct value from a f_e_w choices. o C. Variable Frame Designs

Note that our simplified scalar determination can also be uti- . . . .
lized by other blind channel estimation methods. For example,!n @ddition to variable loading, the constellation may also
the subspace methods of [15] and [20] can first estimate tH&Y @long the data burst on each subcarrier. For example, one
channel a&., based on structure information, which has a scalgt&y Wish to load constellations A and B onto the same carrier
ambiguity:h = «,h,. They can then exploit the finite al- N @ Single data frame with frame lengih= 1, + I, wherel,
phabet property of the symbols and determirfeby matching and I, are the respective block lengths. For such a setting, our
o?h, x5 h, with 3;. Solvinga, as:a, = A\.(a’)Y7 yields.J methods only need to replace (12) by

phase possibilitiest, € {¢/*/ ) }1=1 which suggest that in 11

order to determine the scalar ambiguity one needs to search H (p) = 1 L Z y (ia;m)

)\, only over.J finite values. The complexity of this scalar LS E{s7(ia;m)} \ Lo =,

fitting is negligible when compared to the SVD complexity for I—1

matrices of dimensio(2P — L) x (2P — L) [15], or, P x P + ; 1 Z v’ (ip;m) | . (18)
[20]. Therefore, by reducing the scalar ambiguity determination E{s/(ip;m)} \ I £

to a phase uncertainty search over a finite set, one can resolve
the scalar ambiguity accurately using a few pilots even for other Therefore, different constellations can be loaded arbitrarily
blind channel estimation methods [15], [20]. onto different subcarriers and even over different segments on
each subcarrier. In other words, our blind channel estimation
methods offer flexibility for variable frame designs. For
IV. PRACTICAL CONSIDERATIONS instance, one could opt for BPSK signaling at the beginning
i , i . of the frame to allow for quick channel acquisition with low
In this sect!on, we equip our channel estimation method W'H?)mplexity. Larger constellations can then be transmitted to
several practical features. increase bandwidth efficiency. As soon as sufficient blocks are
collected, the channel can be refined through our low-cost PD
A. Frequency Guard Intervals algorithm operating on (18), or its online counterparts of (16).

In all standardized OFDM systems, null carriers (zeros in
s(7)) are used to provide frequency guard against interferende
from adjacent OFDM systems. Similarly, certain subcarriers So far we have assumed that the transmitted symigéls.)
are discarded to avoid channel fades in DMT [19]. The resultirge uncoded and equiprobable. In practice however, error
s(¢) contains onlyK useful symbols and/ — K zeros which control codes are usually employed to combat channel nulls
are distributed inside the OFDM symbol vector. Our metha@r deep fades). With coded symbols, assumption alb) may not
is directly applicable to this setting simply by considering thkold true. Because with PSK constellations we do not require
channel frequency response on the nonzZe€reubcarriers. As alb), our method applies if the coded symbols are transmitted
per Proposition 1, channel identifiability is still guaranteedith PSK modulation. For other constellations (e.g., QAM),
whenK > JL + 1. our method is applicable only when alb) holds true. This is

Coded Transmissions
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the case with practical OFDM systems utilizing BICM [2]using §(i;m) = wu(i;m)/H(p..). Therefore, (20) directly
where coded bits are interleaved before constellation mappingeasures the channel estimation accuracy and its influence on
Interestingly, interleaving has been adopted by many standattig overall bit error rate (BER). To establish the relationship
see e.g., |IEEE802.11a [6] and HIPERLAN/2 [4] (see aldgetween frequency- and time-domain NLSCE, we start from:
[23, Fig. 5] for a transceiver diagram). Hence, our channghh||?/||h||> = (AR®V]*V;Ah)/(W"V}V h). Re-
estimators can be applied even for constellations other thedlling thatV, is proportional to the firsf. + 1 columns of the
PSK in practical OFDM systems. M x M FFT matrix when all subcarriefs,,, } 2/ Z; are used, we
o o i verify thatV}*V; = MT andV; has unity condition number:
E. Application to Semi-Blind Scenarios cond'V;) = 1. Therefore, we obtain the same NLSCE in both
In practical systems, training sequences are usually provideequency and time domain§Ah||?/||h||> = ||AL|?/||h])>.
for synchronization or quick channel acquisition. To capitalizdowever, due to the presence of frequency guard intervals or
further on the training sequence, semi-blind implementatidgnactive subcarriers in real systems, we will only concentrate
of the subspace-based method was proposed in [14] to fagifr those active subcarriers. As a reshlincludes only active
itate convergence and also enable tracking of slow changg@bcarriers in (20) an@’; reduces toV, by keeping only
variations. Similarly, we can exploit the training sequencgose rows corresponding to the active subcarriers. If active
to initialize our PD algorithm either for improving channekypcarriers are not equispaced, the orthogonality among
estimation accuracy, or, for tracking channel variations. Specolumns ofV, is destroyed and coi¥,) > 1. For the sub-
ically, to improve channel accuracy along the received blockgarier allocation in the HIPERLAN/2 system, it turns out that
we initialize PD with t_raining-based channel estimates a%ndVa) = 31.5. Itis thus worth clarifying that the estimation
update{ H (pm)} /25 using: accuracy is different when translating channel estimates from
one domain to the other, and that the frequency-domain NLSCE
(19) is more meaningful because our final goal is to equalize the
channel in the frequency domain. On the other hand, if channel
qualization were performed in the time domain (as is done in
20]), the time-domain NLSCE would be the natural choice.
Ngxt, we test our blind channel estimators in various scenarios.

~ I-1

N 1 v/ (I;m
H}](pnl) = TH{—I(prn) + ( )

T E{s7(I;m)}

where I denotes the number of blocks. On the other han
we can initialize the tracking algorithm of Section 11I-B [cf.
(16)] with training-based channel estimates. Such a semi-bli
channel estimation method has only linear complexity and €St Case 1:We setM = 16, L = 1 (two-ray channels), =

is thus very simple when compared to the cubic complexil?gpo’ and average over 500 randomly generated channels each

of matrix SVD decompositions required by subspace—bas\é’&h independent Rayleigh distributed taps. We test four widely
methods. used signal constellations: BPSK, QPSK, 16QAM, 64QAM.

Two important benefits become available with semi-blingiowever, due to space limitations and the similar behavior ex-

scenarios. FirstM does not need to be greater than + 1 hibited by BPSKand QPSK, 16QAM and 64QAM, we will only
as required by Proposition 1. Instead, > I + 1 is enough show representative results for BPSK and 64QAM. To allow for

to guarantee channel identifiability. Second, pilot tones afd@ir comparison among different signal constellations, we nor-
not needed to resolve the scalar ambiguity, which improvB!ize signal power to the same bit enefgy[18]. Accounting
bandwidth efficiency usually by 5 — 15% [13]. In a nutshell'fOr the relatlonsh|p between symbol energy and bit energy for
the PD algorithm is attractive in practical systems involvingonstellations of siz€: £, = Ej log, @, the curves depicting

training sequences, thanks to its low complexity and hid]‘.panne_lNLSCEwith respect to (w.r.t.) bit-energy-to-noise-ratio
performance. Ly, /Ny imply also those w.r.tE, /Ng.

To benchmark our blind channel estimation methods,
V. COMPARISONS ANDSIMULATED PERFORMANCE we also examined a standard training (TR)-based method

In this section, we illustrate the merits of our blind chann%gat relies on two(N, = 2) known symbol blocks:

estimators through simulations. We also test semi-blind implg-(pm) = (1/2)[w0;m)/s(0;m)) + (y(l;m)/s(1;m))],

mentations of our method on a realistic HIPERLAN/2 system™ € [o,M o .1]' Because th_e channel is param(_aten_zed
%Iay L + 1 coefficients, we can improve channel estimation

with training sequences. The figure of merit for channel esti- curacy through denoising [22]. Specifically, we obtain

(rjnea]lc;[rl:)endlisnt?he er;(r)ermuaellrfsdc:iz?:;—iiqgsres channel error (NLS training-based time domain channel estimates through LS fit-
q y ting hy, = VIhtr = 1/MVZ{Ahtr, and the denoised frequency

M1 - 5 T Sy domain channel estimates as; = V1h,. Denoising is well
H m) H m h - h Ah . .
2im=0 [MEf ) (2p )l = I _ 2” = I _ ! (20) motivated since we have oversampled the channel frequency
2o [H(pm)] 17l 17l response X! samples are used insteadlof 1); thus, we can

. .. reduce noise effects through lowpass filtering and obtain a sig-
vﬁvhereh: = [H(po),-- -, H(pa-1)]" = VihandAh:=h —  pificant gain ofl0log,o[M /(L +1)] dB [13]. This gain is 9 dB
h. in our experimental setting as confirmed by observing the 9-dB
The reason behind adopting (20) rather than the time-dgap between curves with and without denoising in Fig. 3(a). In
main NLSCE ||h — h|?/|h||>:= ||Ah||?/||/h||? is that our the HIPERLAN context which will be discussed in test case 2,
final step is channel equalization in the frequency domathis gain is10log;,[M/(L + 1)] = 10log;,(64/16) = 6 dB.
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Fig. 3. Comparisons of different blind channel estimators:(a) BPSK and (B)g. 4. Testing DD and PD initialized with the RS channel estimator: (a) BPSK
64QAM. and (b) 64QAM.

Note that going back to the impulse response (time-domain)Error floor appears when our method is applied to large
vector with 4 1 free parameters, we have already introducesignal constellations at high SNR. This noise-induced floor
this denoising step in all of our algorithms. comes from the mismatch between the sample average (12) and
We demonstrate the nice features of our proposed metHbe theoretical ensemble average (10). As we mentioned, PSK
from the following four different perspectives. signals are an exception to this rule. We will comment further
1a) Channel estimation accuracWe present in Fig. 3 on the floor effects after we compare PD with DD.
the RS, MD, MMD (with N = L + 1 equispaced subcarriers) 1b) PD versus DD comparisonBirst, we feed both the
channel estimators as well as: i) the RS of [25] followed by RD and the PD with rather coarse RS estimates. We see in
PD iterations; ii) the MMD followed by 2 PD iterations; and iii) Fig. 4(a) that at low SNR, DD diverges due to a poor symbol
the training-based (TR) method. First, we see that MD benabstimation step. However, PD improves significantly by aver-
marks all other blind channel estimators and outperforms thging across blocks. Fig. 4(a) also depicts the performance of
TR method. The RS method yields coarse channel estimatesbB-when initialized by known channel values. Its proximity to
cause as we mentioned in [25] root finding is a noise-sensitiRS-DD suggests that the BER in both cases is almost the same.
operation especially with large constellations. The MMD offerss gap from the RS-PD (or the MD) testifies to the decoupling
rather good channel estimates, it outperforms the TR with BP$ioperty of our channel estimation from symbol recovery. At
and is comparable to TR with 64QAM. Only 2 P[); = 2) a certain SNR, the achievable BER remains constant, while the
refinements suffice to make the RS and the MMD algorithnthannel estimation accuracy can be improved consistently as we
approach the best achievable MD performance. collect more and more blocks [cf. (12)]. In Fig. 4(b), we observe
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Fig. 6. Error floor effects (64QAM). Fig. 7. Robustness of proposed channel estimators to variable constellation

size. (a) NLSCE versug, /Ny. (b) NLSCE versus, /Ny .

that PD converges much faster than DD for 64QAM and yields
much more reliable channel estimates. This happens becaogterforms TR-PD fois, /Ny > 7 dB. At low SNR, it di-
DD quantizes each symbol estimate(o— 64 values, while verges due to the limited symbol estimation accuracy. There is
PD needs only to pick one out df (J/ = 4 < @ in this case) no error floor for PSK transmissions and TR-PD is always better
phase values for eadi(p,,, ), which has been already denoisedhan TR-PD-DD since it even outperforms the DD with known
through the averaging of (12). channel initialization, as evidenced by Fig. 4(a). Therefore, ap-

Second, we initialize DD and PD with better MMD estimateglying one DD iteration is only effective at high SNR and for
For BPSK, we obtain corresponding curves similar to Fig. 4(darge signal constellations other than PSK. However, in such
However, Fig. 5 shows that PD performs worse than DD at higlases we see from Fig. 6 that PD offers accurate enough channel
SNR for 64QAM and error floor appears. estimates.

1c) Error floor effectsStarting from (12), we can verify 1d) Robustness to constellation sizaur algorithms

that the aforementioned noise-induced error floor appears in oely on the finite alphabet property of source symbols and
blind channel estimation method for constellations other thame would expect their performance to be dependent on the
PSK. However, the error floor can be lowered by collecting momnstellation size. However, our channel estimators separate
blocks. In Fig. 6, we initialize PD and DD with channel estichannel estimation from symbol detection by averaging out
mates obtained from training. We see that the floor level dsymbols in (12); hence, they are robust to the constellation size.
creases as the number of blocks increases. We can eliminkdeillustrate this point, we compare the achievable NLSCE
this error floor by applying one DD iteration to TR-PD (denotethrough the MD approach for BPSK, QPSK, 16QAM and
by TR-PD-DD in Fig. 6). In Fig. 6, we see that TR-PD-DD64QAM. Fig. 7(a) depicts the comparisons with the same
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TABLE |
SUBCARRIER ALLOCATION PER OFDM SrmBoL IN HIPERLAN2

16 7-o11 [ 12132526 [27--32 (33 |34-39 |40 | 41...53 [ 54 | 55...59
o-o|lx-x|An|lx-x|m|x-x|o|x-Xx|RB|x - -x|AH|[lx X

o|3
o2

E, /Ny, while Fig. 7(b) translates Fig. 7(a) to the safig/ Ny. ' ' ' ' '
First, we see that BPSK signaling leads to the best achieval |
channel estimation accuracy because- 2 implies less noise ]
enhancement compared tb = 4 that is used for all other
constellations. With the samé&,/Ny, Fig. 7(a) illustrates 1"
that the channel estimation accuracy for larger constellatio
outperform that for smaller constellations at low SNR, whil
we know that the corresponding BER’s obey the reverse orcz "’
[18]. At high SNR, 64QAM and 16QAM exhibit error floor 5
and are thus worse than QPSK signals. We note that 16QA <
has lower floor than 64QAM, becausé(n) takes 4 distinct
values as compared to 16 values assumed by 64QAM.
test the performance between different constellations witha 1 |
error floor, we also plot the curves for 16 and 64QAM witt
one DD iteration. We see that our channel estimation metho _
are comparable for QPSK, 16QAM and 64QAM signals. Th 0 5 1 E:,iqo 2 % %0
small gaps come from the finite sample effects. Hence, we have
verified that our channel estimators offer channel estimates titat 8. Comparison with and without null carriers.
are robust against different constellations.
Test Case 2:Here we test application of the PD algorithmh = arg min, (W*Qh + 83 _ |35  h(D)pit — H(pa))?),
to the HIPERLAN/2 system. First, we briefly introduce thavhere {p,}:_, are four pilot carriers ang is a weighting
HIPERLAN/2 standard [4], [23] which is a broadband wirelesfactor that is set to be 1 here. In Fig. (8), we see that the sub-
communication system operating at 5 GHz with bandwidth Zpace method suffers considerably when only 52 subcarriers
MHz. Typical SNR values are 5-10 dB and terminal speeds are used instead of 64. Whd, /N, is in the practical range
< 3 m/s. OFDM transmission is utilized with IFFT of lengthof 5 — 15 dB, subspace-based methods are outperformed by
M = 64 and CP of lengti? — M = 16 [cf. Fig. 1]. Among the the training-based method witly; = 2 known blocks. For
M = 64 available subcarriers, only 52 are active out of whicthis reason, we will not plot subspace-based methods in our
48 bear information symbols while 4 of them are serving dellowing experiments. On the other hand, the training-based
pilots. The assignment of subcarriers in each OFDM symbolrisethod and our TR-PD (1 iteration, i.é;,= 1) are not affected
summarized in Table |, where 0 stands for no transmission by the null carriers. By averaging = 200 blocks, TR-PD
the corresponding subcarrieX, stands for data, an#; ... Py should perform approximately0 log;o(1/(N;.J?)) = 7.95 dB
denote the four pilot symbols. Each Medium Access Contrbktter than the training-based method in this setting. In fact, we
(MAC) frame of 500 OFDM symbols consists of severabbserve that the gap between these two methods is larger than
transport channels (e.g., Broadcast channel (BCH), AcceésdB and increases as SNR increases.
feedback channel (ACH)) in addition to downlink and/or uplink Next, we compare performance of the classical training-based
data transmissions [5]. The number of OFDM symbols used byethod against our semi-blind TR-PD algorithm using the
downlink and/or uplink are dynamically assigned [5]. We focushannel model B in [3] withL + 1 = 16 Rayleigh dis-
on downlink transmissions here and assume that each daifauted taps. We test slowly time-varying channels with
burst containsVs,,, OFDM symbols, whereV,,,, varies in Jakes’s Doppler spectrum at= 1.5 m/s and a typical SNR
the range of0, 500). In front of each downlink data burst, twoof E,/N, = 10 dB. We assume that each data burst has
known OFDM symbols are inserted for channel acquisitiotV,y,,, = 300 symbols, out of which the first two symbols are
Based on these training-based initial channel estimates, kr@wn. We also assume that the known training symbols are
propose here to apply the PD algorithm to improve channglawn from the same constellation as the data symbols, and
estimation accuracy and track channel variations. we here study four widely used constellations: BPSK, QPSK,
In this HIPERLAN context, we first check the influ-16QAM and 64QAM. For our TR-PD method, we use all
ence of inactive subcarriers. We assume that the chantied received data blocks when the received number of blocks
is AWGN [18] (R(0) = 1,h(l) = 0, VI € [1,16]) and satisfies:I < 50. Oncel > 50, we only use the most recent
adopt QPSK signaling witf = 200 blocks. The subspace50 blocks to perform channel estimation which corresponds
channel estimator is applietk = arg min, (h*Qh), h # 0, to set the sliding window length¥” = 50 in (16). Fig. 9(a)
where @@ is obtained according to [15]. The scalar ambiverifies that TR-PD tracks closely slow channel variations
guity is removed using 4 pilot tones. We also implementhile TR-based channel estimates drift away. Fig. 9(a) also
the joint subspace and pilot optimization algorithm of [14]reveals that TR-PD yields better channel estimates for BPSK,

K=52, using partial subcarriers

K=64, using all subcarriers

s
A

joint subspace and
pilot optimization

training (TR)
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VI. CONCLUSION

A finite-alphabet based channel estimation approach has
been developed in this paper and shown to possess attractive
features not only for the classical CP-OFDM but also for the
modified ZP-OFDM. Being simple and flexible it holds high
application potential for existing OFDM standards and future
generation multicarrier systems. Those include also wideband
CDMA hybrids that rely on multicarrier transmissions to
suppress multiuser interference and reduce channel estimation
to the OFDM-like single-user problem treated in this paper, see,
e.g., [24], [26]. Incorporation of the novel channel estimators to
multiuser generalized OFDM systems with frequency-hopping
is dealt with in [25]. The channel estimation algorithms derived
herein offer choices to trade off performance with complexity,
while guaranteeing channel identifiability regardless of channel
zero locations. Unlike decision-directed alternatives, they
decouple channel from symbol estimation. This decoupling
enhances their robustness to constellation sizes and reduces
estimation of the scalar ambiguity inherent to all blind channel
estimators to a search over finite values. Especially with PSK
modulated signals, high estimation accuracy is achieved with
minimal received data. By exploiting training data usually
specified in OFDM standards, semi-blind and adaptive imple-
mentations were shown to improve estimation accuracy and be

(1]

107 [2]
4
‘ L . . (3]
0 5 10 5 20 25
E/N,
@ (4]

Fig.9. Applicationtothe HIPERLAN/2 system. (a) NLSCE versus # of blocks 5]
(Ey/No = 10 db, v = 1.5 m/s). (b) BER versusz, / No(v = 1.5 m/s).

[6

QPSK than for 16QAM and 64QAM because of finite-sample
effects for QAM signals [cf. Section IlI-C-1]. Furthermore, we [7]
can infer from Fig. 9(a) that it is worthwhile to apply TR-PD

to improve channel estimation accuracy when the data burs{ ]
has lengthiVy,,, > 20 for BPSK, QPSK andVyy,, > 50 for
16QAM, 64QAM.

To check the overall performance of channel estimation
and equalization, we also tested the (uncoded) BER average¢mb]
over the entire data burst which is assumed to have leng
Nsys = 150. The TR-PD channel estimates are updated ever
25 OFDM symbols with sliding window lengthV = 50. [12]
From Fig. 9(b) we see that the training-based method incurs
significant SNR loss relative to the benchmark BER obtained 3,
with perfect channel knowledge when the channel varies with
time. To alleviate this SNR loss, frequent retraining is neede
within long data bursts which of course decreases bandwidt
efficiency. However, as demonstrated in Fig. 9(b), the TR-PD
can track slow channel variations accurately which allows thélS]
system to approach the benchmark BER without sacrificing
bandwidth efficiency.

(9]

11]

14]

capable of tracking channel variations with surprisingly low
complexity.
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