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ABSTRACT each user; unlike existing approaches, no training segusnc

In uplink transmissions of a coded orthogonal frequency diféquired. .

vision multiple access (C-OFDMA) system, a frequency syniiowever, in the above approaches the_ c.hannel is assumed to
chronization has to be addressed. Few papers deal witlsthis & known or estimated. Recently, the joint CFO/channel es-
sue. Expectation - maximization (EM) approaches have begfmation has been investigated. In [7], [8] and [9], Pem
proposed but initialization strategies must be consideeed @l- study how to obtain the joint maximum likelihood esti-
cause the EM may converge to a local extremum. Here waation of the channgls and the CF_:Os of the_muiltlple users.
propose a joint estimation of the channel and the carrier freThus in [7], a conventional expectation-maximization (E#1)
qguency offset (CFO) based on a sigma point Kalman filterfirst proposed: during the E-step the received S|gnalsnm§tns
When considering an OFDMA uplink system over a Rayleighi€d by each user, namely the "complete data”, are estimated.
fading channel, simulation results confirm that the profoseDuring the M-step, all the CFOs and the channels are jointly
algorithm corresponds to a good compromise between CFéstimated by using these complete data. To simplify the op-
and channel estimation, bit error rate and computatiorstl co timization issue, the value of the channel is replaced by its
Since our approach has a lower computational complexy, th_expression depending on the CFO in the criterion to be min-

power consumption is lower, which is a great advantage in #nized. Therefore, only the estimation of the CFO of each
wireless system. user has to be addressed. Even if the criterion is explicitly

given, the authors do not mention the estimation method they
1. INTRODUCTION use. For instance, exhaustive grid search could be coesider

as suggested by the same authors in [8]. To reduce the compu-
Today, orthogonal frequency division multiple accesstational cost, the authors in [7] suggest using the spaee- alt
(OFDMA) is one of the most common solutions for high datanating generalized expectation-maximization (SAGE)hht t
rate transmission systems. OFDMA, initially used for ca-case, instead of simultaneously estimating every-usanpar
ble TV network and for DVB-RCT standard is applied in eters, one iteration of the EM algorithm is dedicated to one
WiIMAX technology (802.16x). When considering this mod- user. Instead of addressing a multi-dimensional optiritnat
ulation technique, different users simultaneously trattrair  issue, the authors in [8] use the so-called alternatingeproj
own data by modulating an exclusive set of orthogonal subtion estimator. This method consists in iteratively estinta
carriers. Allocation algorithms [1] exploit this spectdiver-  the CFO of one user, by means of an exhaustive grid search
sity to allocate the communication resources to the differe over the possible range of the CFO value and by setting the
users, such as power, constellation size and necessary bamther CFOs to their last updated values. In [9], a suboptimal
width to maximize the link efficiency. method is presented. In [10], Xiaowt al. propose two iter-
In an uplink OFDMA system, orthogonality between sub-ative estimation approaches using the SAGE method. Never-
carriers is not satisfied without carrier-frequency of(€&f#0O)  theless, the EM-based algorithms do not necessarily cgaver
compensation. Therefore, CFOs have to be estimated. This the global extremum. An initialization step is therefoze
issue has been addressed in several papers such as [1[][2] ajuired. Another drawback of the above methods is the high
[3]. In [4], the CFO estimation is obtained by comparing thecomputational cost due to the iterative estimation and the e
phases of two received OFDMA blocks. Zhebal. [5] use  haustive grid search.
an extended Kalman filter (EKF) to estimate the CFO, pro4n this paper, our contribution is the following: a sigmartoi
vided that a training sequence is known. In [6], we propos&alman filter (SPKF) [11], namely the unscented Kalman fil-
to combine a Kalman filter based method for the CFO estimater (UKF) or the central difference Kalman filter (CDKF), is
tion and the so-called minimum mean square error successivged to simultaneously estimate the channel and the CFO for
detector, the purpose of which is to estimate the signaltsent
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all users. Even if the proposed estimator needs a training seherer, is the normalized spacing and timing error related to
quence, its computational cost is lower than the existing apthe uth user, the effects of the uplink timing errors are coun-
proach ones. This advantage is crucial because one of theracted, i.e they are incorporated as a part of their channe
goals in the design of wireless systems is to reduce the gnergesponse's

consumption of the system. It should be noted that our worket us now introduce the normalized CFO to the sub-carrier
is complementary to _the study presente_d in [12_], in wr_ugh arspacinge?: (n) = (n—1)=e )
unscented Kalman filter (UKF) makes it possible to jointly
estimate the CFO and the channel, but it is designed for am the following, we will focus our attention on the row vec-
orthogonal frequency division multiplexing (OFDM) single tors e? and h? which contain the normalized CFO and the

user system. channel impulse response of each user respectively:
The paper is organized as follows. The OFDMA system and

the signal models are presented in section 2. Section 3 shows e = 6,6}, ... €. €] (6)
how to jointly estimate the CFO and the channel coefficients n' = |n?" m", . et hz[)]T} 7

of each user in order to restore orthogonality among the re-
ceived users’ signals. Simulation results are presenteedn  The U incoming waveforms are naturally combined by the
tion 4 and finally conclusions are given in section 5. receiver antenna. After cyclic prefix removing, the resigti

In the following, Re{.} denotes the real part dt}, Im{.}  pth received signal can be expressed as follows:
the imaginary part of .} andI, the identity matrix of size_.

R’ = [RP(0),R"(1),...,R*(N —1)]"
2. SYSTEM DESCRIPTION _ zU:Rp B ®)
Let us consider an OFDMA network consisting of a single u=1 b
base station an@ simultaneously independent users. ThewhereB = [B(0), ..., B(N —1)] is a complex white Gaus-

available bandwidtB is divided amongV sub-carriers, and = sian noise vector with covariance matsixl -, while R?, the

a fair distribution of the bandwidtl?,, = B/U between each pth signal received from theth user, can be expressed as:

user is supposed.

The signal received by the base station is a superposition of R? = [RP(0),RE(1),...,RE(N — 1)]T

the contributions from th& active users. In the following, let = EP(¢?)H?(h?)X? 9)

St be the symbols emitted by theith user with

u € {1,...,U} and corresponding to th¢h OFDMA sym- whereX? = [XP?(0), X?(1)... XP(N — 1)]T, H? is?circu-

bol: T lant matrix formed by N cyclic shifts of h?? and
SP = [SP(0),52(1)...SE(N —1)] (1) E? = diag|1, 727/ N, y 7 €j27r)(N71)eﬁ/N]_ “

According to the frequency allocation of each uséltk) can  Let Y be the2 x N observation matrix that stores the real

be non-zero if thésth carrier is allocated to theth mobile ter-  and the imaginary parts of the received sigRét

minal, fork € {0,... N — 1}. The corresponding transmitted

y 2 — P p p —
signal from theuth user is given by: Yoo= Y0, YP),.. YE(N = 1)]
L M- AP(e”,h") +V (10)
D - D j2nnk/N
Xin) = 7% ; St(k)e @ here
= AP(P,hP) = [AP(0,’,hP),---  AP(N —1,€” hP)]
where—N, <n < N —1andN, < N is the length of the U T
cyclic prefix. Re {Zu:l RE (e, hﬁ)}
- = | (1)
Moreover, let us assume that the channel impulse response of Im {ZU RP (e hf’)}
thewuth user and related to thgh OFDMA symbol is: u=1 T\ Ny
h?(n) = [h2(n,0), k2 (n,1),..., k2 (n, L))" (3) T
(n) = (. 0), (. 1) ( ) andV = Re{B} which is a white Gaussian noise

T
whereL,, is the length of the maximum channel delay spread Im ‘.{B} _ .
andL, < N, so that the cyclic prefix discards the inter block vector, the covariance matrix of which(is /2)L.

interference. We suppose a multipath quasi-static Rdyleigln order to restore orthogonality among each user subesarri
fading channel: both the synchronization error vectdrand the channel vec-

WP (1) — h? _p? 4 tor h? have to be estimated, givéi?. Due to the non-linear
w(n) =hj(n—1) =hj 4) feature of the estimation, a new method based either on the
At the receiver, due to the propagation conditions, time off EKF or the SPKF is proposed in the next section.

,Set and CFO a_re mducgd Int9 the baseband Slgnal' By choos- 1Since this paper deals with the CFO/channel estimatigrand L.,
ing an appropriate cyclic prefix lengf¥, = max {7u + Lu},  supposed to be known, fore {1,...,U}.

are
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3. FREQUENCY OFFSET AND CHANNEL is the covariance matrix of the innovation. Both are estadat
ESTIMATION by using a weighted combination of the sigma points. For
details about the SPKF algorithm description, the reader is
When dealing with a non-linear state-space representation geferred to [11]. After some recursions, the algorithm can
a system, local methods such as the extended Kalman filtgfovide an "accurate” joint estimation of the CFO value and
(EKF) and global methods including UKF and CDKF can bethe channel impulse response for it user, which is de-
considered [11]. In the SPKF, the state distribution is appr  noted as?(n) andflg(n) respectively withu € {1,...,U}.
mated by a Gaussian. Itis then characterized by a set ofgoint
lying along the main eigenaxes of the Gaussian random vari-
able covariance matrix. Then, these so-called sigma-point 4. SIMULATION RESULTS
propagate through the non-linear system. A weighted comin the following, a comparative study is carried out between
bination of the resulting values makes it possible to edéma our approach based on EKF, CDKF or UKF and the method
the mean and the covariance matrix of the transformed rampresented in [7] where a grid search approach is used to up-
dom vector, i.e. the random variable (RV) that undergoes thdate the CFO estimation.
non linear transformation. On the one hand, the UKF is baseSimulation protocol: we performed 500 Monte-Carlo runs.
on the unscented transformation. When the density is odd)e consider an OFDMA uplink system, which is composed
the weights are chosen to provide the 2nd order Taylor exef U = 4 users sharingy = 128 sub-carriers and with cyclic
pansion around the mean of the RV. On the other hand, therefix N, = N/8 > L,.. We suppose a transmission over a
CDKF is based on the 2nd order Sterling polynomial inter-Rayleigh quasi-static frequency selective channel coexpos
polation formula. The difference between CDKF and UKFof L, = 3 multi-paths. QPSK is used to modulate the infor-
stands in the way the mean and the covariance matrix of theation bits. The carrier frequency is At= 2.5GHz and the
transformed RV are calculated. According to various siidiechannel bandwidth is set i = 20MHz. The duration of
[6], [11] and [13], there is a very slight difference betweenan OFDMA symbol isT; = N/W. The users’ normalized
UKF and CDKF. The advantages of the SPKF over the EKFCFO errors satisfye, = N=f.Ts , wherev, is the user
is that does not require calculations of Jacobians or Hessiaspeed and is the light speed. In addition they are randomly
and that the EKF is more likely to diverge. SPKF makes itand uniformly generated in the interval [-0.3,0.3]. We defin

possible to recursively estimate the following state vecto  gp/No = Z—Z‘ whereo? is the mean power of the received

. b . .
xP(n) = [ e(n) Re{bP(n)} Im{h?(n)} }T signal from theuth user. Here, the EM algorithm proposed in
, , , T [7] is based orv = 20 iterations and a grid search precision
= [ x{(n) x5(n) x5(n) ] (12)  equaltol0?; this means that = 2X%3 41 = 601 values of

Given (4), (5) and (12)x”(n) satisfies the following state- CFO are studied in the grid search algorithm. For the CFO,
equatiord, which is the representation of what happens for arhe initialization parameters of the algorithmdg(0) = 0
OFDMA symbol: , whenp = 1 andé? (0) = €2~ otherwise.

. xP(n) =x"(n—1)  ¥n€[0,N—1] (13)  pertormances: first of all, our approach provide similar re-
Given (10) and (11), the measurement equation is defined Rilts when UKF and CDKF are used. Therefore, in the fol-
follows: lowing, we speak of SPKF filtering performances. We focus

YP(n) = AP(n,x"(n))+V(n) Vn €[0,N-1] (14) our attention on the first user in the system. Figure 1 and 2
%}ow the results in terms of CFO and channel minimum mean

Hence, (13) and (14) define the state space representation
(13) (14) P P fguare error (MMSE).

the system making it possible to estimate both the channe
and the CFOs. The resulting SPKF estimator is given by:

107

() = %0~ 1) + Re (KT ()} (19) S

- SPKF
—+EM[7]

wherex?(n) = [ %7(n) %5(n) %i(n) }T is the estima-
tion of x”(n), Y(n) = Y?(n) — Y?(n) is the so-called in-
novation and’? is the estimation o¥ 7, obtained by using a
weighted combination of the sigma points. In addition

K’ (n) = [P?,(n)] [P%(n)] (16)

is the filter gain, wheré?”e’?(n) is the covariance matrix be-
tween the state prediction error and the innovation,2idn)

‘-
L L L L L
10 11 12 13 14 15

¢ Eb%/No(éB) ;
Fig. 1. CFO estimation performances, 20 iterations per-

2lt should be noted that transition matrix is equal Ig;, where formed when using the EM [7].
M = U + 2UL,, and there is no state noise.
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Fig. 2. Channel estimation performances, 20 iterations when

using the EM [7].
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Eb/No (dB) | theoretical BER] BER (EM) | BER (SPKF)
0 1.464 x 10°1 | 1.469 x 10~ T | 1.584 x 1071
5 6.418 x 1072 | 6.452 x 1072 | 6.681 x 10~ 2
10 2.327 x 1072 | 2.361 x 1072 | 2.395 x 1072

Table 1. BER performance.

decision test has to be done to decide which is the best value
of the CFO. Table 3 shows the number of arithmetic opera-
tions performed by the SPKF. The first step of the algorithm,
corresponding to the selection of the sigma points reqties
Cholesky decompoasition of a matrix of sidé x M, where

M =U + 2UL,. The measurement update also requires the
inversion of & x 2 matrix .

EM algorithm
E-step
additions and aNZ3U + aNgU (2L, + 6) 1.4336 x 10°
subtractions
multiplications aN2U + aNnpU(U +2L,) 1.4131 x 10°
and divisions
M-Step
add./sub. for | afN2UL, + aBNy,U (UL, + L2) | 2.6382 x 10°

the grid search —afUBUL, + L, +1)

mult./div. for aBU + aBUNZ(BUL, + L) 3.1190 x 101
the grid search|  + aBUNy, (L2 + 15U + 2L, + 1)
other aNZUL, +aNgUBUL, + L2) | 4.3901 x 10°
add./sub. —3aU?%L,
other aN2U(BUL, + L,) 5.1855 x 107
mult./div. aUNy, (L2 + 15U + Ly,)
Total arithmetic operations 3.3887 x 1010

Table 2. Number of arithmetic operations performed by the
EM algorithm, 601 tested CFO values and 20 iterations.

50
Sample index SPKF algorithm
step 1: calculation of the sigma points
. . . . . additions and 2N U?(4L2 + 4L, + 1) 2.0070 x 10°
Fig. 3. Recursive CFO estimation using EKF and SPKF. subtractions
multiplications 2N U?(4L2 + 4L, +1) 2.0070 x 10°
The SPKF algorithms give a better estimation of the CFQ| and divisions
: - step 2: estimation update
and the chanr_lel than the EKF._Flgure 3 shows that the S_PK dditions and 5N, U R07 T 1 120707 1 607 L 53950 10°
seem to require less observations than the EKF to estimate subtractions | 120L2+U? + 12U L, +3U +2L,+1)
the CFOs. The EM-based algorithms proposed in [7] provide muléila'_iC?t_ionS Zf)\UbLUZ (H;U]sziQ&?;lLU)LgL;124%211”2) 6.1286 x 10°
i and divisions 2+2U%+ w+BU+4L,+
l:_)ette.r performances in ter_ms 01_‘ MMSE. Nevertheless, the es Stop 3 measurement updaie
timation error of our algorithm is small enough to guarantee| additions and 2NZ,UAUL, +2U+1) 9.6471 x 10°F
bit error rates (BERS) that are similar to the ones obtained subtractions N +U2(1§;;bU L(Z‘UéngU +111>J 2gé\Lb %)
. +Nop wt ut +96L,+
when [7] is used. See table 1. _ multipiications N3, U(AUL, +2U+1) +2NZ, 9.6601 x 10°
Computational complexity: in the following let us have a and divisions | +2N2U(4U L, +2U +4L, +3) + 18N,
. . / 2 /
look at the computational cost of both algorithms. The EM- +2NoyU(4U L2 +4U L, +U +46L, +23) (
Total arithmetic operations 1.9435 x 107

based algorithm [7] and the SPKF provide similar results in

terms of BER, but the EM algorithm has a a higher compuTaple 3. Number of arithmetic operations performed by the
tational complexity due to the exhaustive grid search dvert spkF algorithm.

possible range of CFOs and the iterative estimation.

Table 2 shows the number of arithmetic operations performed@able 4 shows the number of Giga-operations per second)Go/s
by the EM;N,;, represents the number of observations for thgperformed by the EM for different grid search precisions.
algorithms and it is set t&V,, = N. The computational cost Table 5 shows the number of Go/s for different numbers of

of the EM approach depends on the numbervdterations

users in the system with a channel composed of 3 multi-paths.

and on the number ¢f tested values. The M-step is based onln addition, table 5 shows the number of Go/s for different

the inversions ot/ matrices of sizd.,, x L,,. In addition, the
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grid search precision f Gols
1071 7 0.4531
1072 61 3.4925
1073 601 33.8871
1077 6001 | 337.8323

Table 4. Number of Go/s performed by the EM for different

grid search precisions.

4 usersin the system 3 multi-paths
Multipaths | Go/s(EM) | Go/s(SPKF)| Number of usergy Go/s(EM) | Go/s(SPKF)
1 11.5235 0.8477 2 9.6945 0.4935
2 22.6930 1.3934 3 19.9786 1.0984
3 33.8871 1.9435 4 33.8871 1.9435
4 45.1058 3.0628 6 72.5776 4.3584
6 67.6173 3.6352 7 97.3597 5.9304
7 78.9101 4.2183 8 125.7662 7.7467
8 90.2274 4.8136 9 157.7972 9.8086
9 101.5695 5.4226 10 193.4528 12.1169
10 112.9362 6.0469 11 232.7328 14.6728
11 124.3276 6.6882 12 275.6373 17.4773
12 135.7436 7.3479 13 322.1664 20.5314

Table 5. Number of Go/s performed by the EM and the SPKF

algorithm.

(2]

X. Dai, “Carrier frequency offset estimation and cor-
rection for ofdma uplink,” IET Commun.vol. 1, pp.
261-273, April 2007.

[3] J. Choi, W. Jung C. Lee, and Y. H. Lee, “Carrier fre-

[4]

(5]

[6]

The computational complexity of the EM increases fastenwhe
the number of users (or the number of channel multi-paths)
increases. Indeed the EM works in blocks in an iterative way

whereas the SPKF is recursive.

We clearly see by the results, that the computational com-
plexity of the EM is higher than the one of the SPKF. When 4 [8]

users in the system and a channel composednofilti-paths
are considered, the SPKF algorithm requires d@yof the

number of operations required by the EM. In addition due to
the grid search, the implementation of the EM is relatively

difficult in real environments.

5. CONCLUSIONS

9]

The architecture of the proposed receiver requires a trini [10]

sequence, but it does not need an initialization step. Ii+add
tion, its computational cost is lower than the EM-based meth

ods. This advantage is crucial because one of the goals in
the design of wireless systems is to reduce the energy con-
sumption of the system. In current wireless communicatiod11]
systems only a few Go/s are dedicated to the channel estima-
tion and the synchronization. The proposed approach isshenc

completely applicable to practical environments, unlike t

EM-based methods.
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