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Abstract—This paper proposes a novel blind carrier frequency classification approach referred to as MUSIC has been adlopte
OCflf:Sgt( S(%Fglgoesél;gﬁ}g{b rn%nrﬂﬂ])g the”nskpgrr%% gfgﬁgvﬁlre}auaesnséited in [4] to estimate the CFOs. It is shown in [4] that the MUSIC

PO (OR-LE ' : - algorithm has a low computational complexity, and is capabl
division muItlpPe access (OFDMA) systems. By exploiting the ofgachievin a good estir%ation erformF:';mcey Howevera?/vhen
sparsity embedded in the OFDMA data, the CFO estimation is g a good pe : *
formulated as an optimization problem of sparse recovery with the CFOs of the signals from different users are close to
high-resolution. Meanwhile, in order to enhance the estimation each other in the frequency domain, and when the signal-
O] O i LG S A SApIng STor, 12 to e ratl (SNR) o relatvely low, e usualy hard to
matrix in the transformed observation data, and the asymptotic sepa{jate tthe'dCFt'Os ttr)]y tféeFoMU?rllC ﬁﬂp@é?gCh- Furth(;,;rrrk\]ore,
distribution of the sampling errors. Furthermore, we propose an Inoraer 1o iden ify ne s, the approac as
approach for deriving the regularization parameter used by the t0 resort to a highly involved spectral searching procedure
SR-CFO estimator, so as to control the trade-off between the which is rather computationally intensive. Due to thesagss
orip g T SHECTS SPar L salon T PeTeanes, (e MUSIC estimator has been replaced by, the estimator
estimators is investigated and compared. Numerical results show destlrg]]neéisg??slf_ard 50 n ,\t/lhe rotatlo_nal |gvar'|[anfcetgechnlgu¢] IS#C
that the proposed SR-CFO estimator is superior to the state-of- a5 € Ex [5]. Moreover, in order to further reduce the
the-art estimators in terms of the estimation reliability. computational complexity, an improved ESPRIT, namely the

Unitary-ESPRIT, has been proposed in [6] for estimation of

CFOs. More recently, a unitary subspace improved minimum
output variance (U-SIMOV) estimator has been introduced
|. INTRODUCTION in [7] for CFO estimation. By combining the unitary trans-

I N wireless communications, orthogonal frequency-divisiodformation with the subspace projection technique, the U-
multiplexing (OFDM) has been widely employed to suppor?!MOV is able to improve the CFO estimation performance
the downlink and uplink transmissions, and to support mupf the Unitary-ESPRIT, provided that the CFOs with respect
tiuser communications via assigning different subcasrier (0 different users are sufficiently separated from eachrothe
different users, forming the orthogonal frequency divisioul- In order to attain high-resolution estimations for the elgs
tiple access (OFDMA). In OFDMA systems, the achievabl®cated CFOs, especially, in low SNR region, we propose a
performance is very sensitive to the carrier frequencyetdfs Novel CFO estimator in this paper, with the main contribngio
(CFOs) induced by the mismatch between transceiver oscilft$ follows. o . .
tors. CFOs lead to strong multiple-access interferenceljMA + A novel CFO estimation algorithm designed based on
which may significantly degrade the system performance if it the sparse recovery is proposed in this paper, which is
is not effectively mitigated. Hence, in practical systertie referred to as the sparse recovery assisted CFO (SR-
CFOs need to be estimated with sufficient accuracy which are CFO) estimator. Our high-resolution CFO estimator is
then compensated or used for MAI mitigation. formulated as a sparse optimization problem without

In literature, maximum likelihood algorithm [1] and its  relying on requiring pilots. Furthermore, with the aid
variant versions [2], [3] have been proposed for estimation Of the Lagrangian duality theory [8], [9], an approach
of the CFOs in OFDMA systems. The common drawbacks is proposed for deriving the regularization parameter
of these methods are the high implementation complexity and required by our SR-CFO estimator.
the requirement of pilots, which reduces the attainabletspe ~ » A selection matrix is designed for mitigating the effect
efficiency. In order to combat these problems, a blind CFO of additive Gaussian noise by exploiting the structure of
estimation scheme has been proposed in [4]. Specially, by the noise variances in the transformed observation data.
exploiting the periodic structure of the received signais i ~« A whitening filter is designed for coping with the sam-
the interleaved OFDMA uplink systems, the multiple signal ~ pling errors by exploiting the asymptotic distribution of

the sampling errors.
This work was supported in part by the Natural Science Founda e The performance of our SR-CFO estimator is investigated

Index Terms—OFDMA, carrier frequency offset, estimator,
sparse recovery.

tion of China under Grants U1501253, 61601300, 616001063301300,

61601304 and 61601307; by the Natural Science Foundatio®uzng-
dong Province under Grant 2015A030311030; by the FoundaifoShen-
zhen under Grants JCYJ20150324140036835, JCYJ201605@63418 and
JCYJ20160422102022017; by the National Science Foundatioer Grant
CCF-1218388; by the China Postdoctoral Science Foundatiater Grants
2016M592535; by the Shenzhen Key Laboratory Establishmenhdation
under Grants ZDSYS201507081625213 and KC2015ZDYF00284&bg the
China Scholarship Council. The last author would like toramidedge the
support of the EPSRC of the UK.

M. Huang, L. Huang, C. -T. Guo, P. -C. Zhang and J. -H. Zhangwitethe
College of Information Engineering, Shenzhen Universityeiszhen 518060,
China. (E-mail: mhuang@szu.edu.cn; lhuang@szu.edu.ano@gzu.edu.cn;
zpcl1029384756@hotmail.com; zhangjh@szu.edu.cn).

L.-L. Yang is with School of Electronics and Computer Scierdriversity
of Southampton, SO17 1BJ, UK. (E-mail: lly@ecs.soton.ac.uk)

by simulations, which is also compared with four existing
CFO estimators. Our studies and simulation results show
that the proposed SR-CFO estimator outperforms all the
benchmark CFO estimators by providing a higher resolu-
tion and also a higher estimation accuracy. Furthermore,
the regularization parameter derived by our proposed
approach is nearly optimum in the sense of minimum
mean-square error (MSE).

Il. SYSTEM MODEL

We consider an interleaved/-subcarrier OFDMA uplink
system, where theV subcarriers are evenly divided int@



subchannels, each of which includ&s= N/Q subcarriers. [1l. SR-CFO ESTIMATION ALGORITHM

Assume that there ar& (K < Q) users active in the systema cFO Estimation Based on Sparse Recovery

and each of the active users is assigned one subchannel, ) _ )

For the k-th user, wherek € {0,--- ,K — 1}, its symbol hACCf?rdIUg to (3), afndhremﬁmbe_nng thf{ff_eé_fo._g,()f)(},_
vector [x(()k)7’.. ,zgfll]T ¢ CP to be transmitted is mappedt e effective CFO of thek-th active user is distributed in

_ _ the range of((¢® —0.5)/Q, (¢ + 0.5 . Considerin

to its assigned subchannel, namely #i€)-th subchannel, . q(k)ge {0((1(1,“ 0 j/lc}g \(/\C/Ie can re)a/giglz/ know that tﬁe
com%gsed o{kt)hd?k?ubcamers ‘(’Z')th the indices COHSII'[U(ILI’;Q Bffective CFOs of thek active users are sparsely distributed
set¢'™ = {¢'"), ¢'" +Q,---, ¢ + (P —1)Q}, whereq in the range of(—0.5/Q,1 — 0.5/Q). Thus, by invoking all

is lowest index of the subcarriers assigned to user the possible effective CFOSI in (5) can be rewritten in a

Assume a multipath slow fading channel, whose fadi h-resolution and sparse representation as
coefficients can be assumed to be constant during one OFDWE P P

s;(/n;bol duration. Then, the channel frequency responseen th Y=VS+2Z (6)
k . B B
¢p  -th subcarrier of usek can be expressed as [4] where V' = [a(@©),--- ,a(@5-D)] € C2*K and the set
L® -1 , of {6 ... (K-} gives a sampling grid of all possible
hF = 3" P g=i2moy?) A (1) effective CFOs, while§ = [#(*), .. | #(K=D]T ¢ CE*P with
1=0 7 = [F()(0),--- ,7 (P —1)]T € C". In general, we have

where L(*) is the number of multipath taps of the fading® > . Hence,5 is a row sparse matrix, whoseth row
" s nonzero and equals to the corresponding rowsah (5),
channel from user o the base stauon_(BS); s represents only when there truly exists an effective CFO @f) having
the subcarrier spacing between two adjacent subcam{e’%, a value in(—0.5/Q, 1 — 0.5/Q). Consequently, the problem
and Tl(k) denote the channel gain and time delay of i@ cg‘ effft;ctivehCFO estimatfio;: based on (S)SE equival(er)n to
; (k) & . (k) identifying the positions of the nonzero rows $hseen in (6).
taanp(i ;a?p:ectz\galr l\é;irthaipo is.fhegtb 1element of¢ In principle, this problem may be directly solved by the,-
D g TDp p=U, L, : .norm compressive sensing algorithms [10]. However, the non
At the receiver, after sampling and removal of the cycligonyexity of¢, o-norm algorithms leads to high computational
prefix (CP), the time-domain signals received from théh  complexity. Alternatively, the/, o-norm can be approximated
user in the absence of noise can be expressed as by the/, 1-norm [11], which may be solved with relatively low
P—1 complexity. However, the approximation error may be large,
r®) (n) = Z RR) 4o (k) gi2m (¢ +e ) A pn T, especially in the case that tlig-norms of the nonzero rows in
— pop S have significantly different values. In order to circumvent
P (2) these problems, and with the aid of the idea from [9], below

P ) (), we make use of the covariance matrix of the received signals
= R (R 1 (/N (@7 Hen gy = 0,0 N — 1 of (6) as the new observations, based on which the effective
p=0 CFOs are estimated. Note that, since in this case only the

. . 2nd order moments are required, which allow us to efficiently
whereT, = é/t(NAf) denotes the sampling period arid) €  gppress the effect from the additive Gaussian noise and the

(=0.5,0.5) i ]\belc':o normalized by;. It can be shown [5] sampling errors. Eventually, better recovery performaree
that {r(*)(n)},_, have the property of be achieved, as shown in Section IV.
- , " To begin with, the sampling covariance matrix %f of (6)
78 (n + mP) = e2m7m0 (k) () (3) can be derived and expressed as
. R

whered®) £ (¢0) 1 £(0))/Q is referred to as the effective R=VR)V +R,+E )

CFO. Explicitly, giveng®) andQ, %) is a function ofe(*), o _ _ _ __H
Hence, we can estimat®) instead of estimating(*). which is a(@Q x Q)-dimensional matrix. In (7)R,=E[SS ];
As the BS receives signals simultaneously frémactive diad Po2,, -+, Po? .} with o2, = Ef®)(n)r*)(n)"]
users, the received signals can be expressed as being the power received from thé-th user, R, =
diag{ Po?,--- , Po?} is the noise covariance matrix, whilg

K-1 . N .
Tin) — (k) n=0-- . N—1 4 reflects the error begmeen the covariance matrixYofgiven
() kz=o r(n)+z(n), n “) in (6), which isVRSVH + R, and its sampling covariance

. . . o ) matrix R of (7). Let us vectorize (7), yielding &?-length
where z(n) is the Gaussian noise distributed with meagector [12]

zero and variancer?. In order to exploit the periodicity

existing in {r®)(n)}"_', the N received signals can be ySvec{R} = ¥s+p+¢ ®)
arranged asY = [t(0),---,¢(P —1)] € CO*F, where At o Acr o ) r oA
(i) = [Y(i), Y@+ P),--- ,Y(i + (Q — )P)|T € C2 1t Where¥=V oV, ¢=[Por), - Po_x ,)]", p=VedRy)=
follows thatY' can be expressed as Poel, .- Po’el]” and ¢ E ved E). Here, (-)*, ® and
Y=VS+Z (5) €i denote, respectively, the complex conjugate, Khatri-Rao
_ product [12], and the-th column of the identity matrixd .
where V = [a(0)). .- a(fE V)] € C*K with a) = Based on (8), our CFO estimation problem is converted to a
720000 . j2m0 Q-1 ¢ CQ, § = [r©®, ... p(E-1]T c problem of identifying the locations of nonzero elements.in
CEXP with @ =[r®(0), - ,r@O(P — 1)]"eCP, and Z = From (8) we know that there a@ nonzero elements in the

_ XP ; ; . noise resulted component f whose positions are known.
\[;igg)’ (SZ_(I[D (;)] %'CJr P) '.S' Fhe E:pj:e(sgo_n?')r}%?ﬁ |s€e (rcnngTherefore, they can be canceled by deleting the correspgndi
z\t) = 121), 21 A - elements iny but at the cost of the loss af) degrees of

Our objective is to estimate the effective CFOs ) for - -
k=0 K — 1, which are embedded ik, based on (5). freedom (DOFs). In mathematical form, the cancellatiorhef t



noise resultant components in (8) can be |mplemented by pfigren, with the aid of the_.agrangian multipliers, the cor-
multiplying a selection matrixJ € R@(@- HxQ? satisfying responding unconstrained minimization problem can be de-

Jp =0 ony, yielding scribed as
A K-1
= = 9
u=Jy=JVs+J¢ © mln{||u||2+hzwz 63+ 7 (v — a1+ W) — AT } (14)
Note that, according to the structure ef, J can be con- i—0

structed from the identity matrid - by removing its{0 x . -
Q+1,1xQ+2,--,(Q—1) x Q+Q} rows. wherep and > 0 are respectlvely theagrange multipliers

According to [13],¢ is asymptotically complex normal for the constraints of = u — ¥¢ ands > 0. It can be shown
(CN) distributed, if P is sufficiently large. In this casje, thethat, for a fixeds, the minimization of (14) ovep results in
distribution of ¢ can be approximated &~ CN(0 0,(R ® p=-v=—(u—Tg). (15)

R)/P), where® denotes the Kronecker product [12] There-
fore JE |n (9) follows the distribution ofCA/(0,G) with

G2 (J(R ®R)JT)/P. Explicitly, the transformed nois#¢
is colored, which may lead to severe performance degradatio K-1
In order to alleviate its effect, we may whitefi¢ through mln{— Iplls = pTa+h Y wilel+p" Te—ATs } (16)

multiplying » of (9) by G‘%, yielding i=0

Upon substituting (15) into (14) to eliminate the variable
we obtain the minimization problem in terms ofas

B 2G iy = 10) Furthermore, according to the Lagrangian duality [8], the-m
=G tu=Tety (10) imization problem of (13) is equivalent to the maximization
where¥ 2 G- *J¥ andv 2 *5‘]6 CN(0, Too-1) is problem of

now a white Gaussian noise vector.
With the aid of the above preparation, finally, the optimiza-jax {_ ||HH2 m u+1nf [h Z w; |si|+pT T —AT }
tion problem for finding the nonzero elementsdncan be  w.A
described as here f[f( )\)] s th o o (1;))
. wherein S, 1, represents the minimum of(s, u,
min { £ |[a - el + sl ), ste=o (1) ]

over ¢ for given . and A. Then, by exploiting theKarush-

T _
whereh > 0 is a regularization parameter for controlling théduhn-Tucker condition [8], we Sh°U|d hava¢ = 0 in (17).

contribution between thé,-norm and/;-norm, i.e., between { K T T }
the data fitting error and the sparsity of the solution [14)]. IConsequentIy, the term Qﬁf h Z wilsi+p7 =2

(11), the/;-norm is used for approximating thg-norm for

the purpose of constructing a convex optimization probler(l7) can be written asz inf[B;], whereg; = th i + misi
However, from (8) we know that the nonzero elements in i=0 S - -
represent the power received from the different users, Ivvhr\f}/Ith m being thei-th element ofp” ¥, i.e.,n, = ¢; p =
may be very different. In this case, as shown in [15], a large?)] (& — ¥s). Here, 3, represents the-th column of @ In
approximation error may occur. In order to cope with thigrder to determrnenf[ﬁz] let us expresg; in detail as
problem, we propose to estimate the effective CFOs by splvin

an alternative optimization problem described as 5 hawic: + mici, if ¢ >0 8)
o —hw;s; + NiSi, if G <0

mm { 3l — ‘Ilc||2 +h Z wy |<L|} » Stez0 (12) From (18), we can readily know that achieves its minimum

. ) of 0, i.e., mf[ﬁz] = 0, under the condition ohw; +n; > 0

whereg; denotes the-th element ofc and w; is the corre-

sponding weight applied to guarantee that; < 1. According when; > 0, or under the condition of-hw; + n; < 0 when

to the analysis in [15], [16], we have < P/(v HR UZ) G < 0. Under all other cond|t|ons;gf[,87} oo. Therefore,
Therefore we can choose; to have a value ofw; = Wwe have

(PR uz)/P wherev; represents theé-th column of V. . 0, it hw; > |ni

However, as shown in (12), the estimation performance is inf[5;] { s, otherwise 19)
also dependent on the value of the regularization parameter

h, which needs to be set appropriately. Below we addressHpwever, mf[ﬁ,] = —oo is meaningless for an optimization

detail the regularization parameter setting.
B. Regularization Parameter Setting
The value ofh in (12) plays an important role for the hw; > |ni| = \/¢iT(ﬂ — We) (] (4 — ¥¢))H,
achievable estimation performance. In particular, a swzlle _
of h may incur many spurious effective CFOs, while a large i=0,---, K -1
value of h may yield a large estimation error. Hence, it is . . L . .
important to set: to a suitable value. In this section, we derive, AS Shown previously in association with (10} —
h based on (12) with the aid of the Lagrangian duality [8]¥S ~ CN(0,1q(q-1)). Hence, we havap; (4 — ¥s) ~
[9], which is near optimum as demonstrated in Section IV. CA/(0,%7%;), from which we can readily know that
First, let us rewrite (12) as an optimization problem asso-

ciated with the constraints as V2/ (TP T (@ — W) ~ CN(0,2). (21)

problem. Hence we should have the constraintcas

(20)

E-1 Equation (21) implies that both the real and imaginary parts

mln{ [l + 5> wilsil } stv=u—-¥s, ¢=0. (13) of \/2/@ )T (& — Ws) are independently Gaussian dis-
i=0 tributed with the 'distribution ol (0,1). Therefore, the square



of /2/ (T W7 (a—Tg) follows the centrajy2-distribution

with two DOFs, which can be expressed as Iggpﬁ
Unitary-ESPRIT
Toly¥\\ahy T (47 _ T(s _ H .2 -
/@7 ¥i))p; (4 —¥s)(; (@ —Ug))™ ~x*(2)  (22) e scro

wherex?(D) stands for they?-distribution with D DOFs.
Let us assume thaP, is a probability close to one. Then,
we can find a corresponding valyesatisfying

Pr(X%(2) <~) =P, (23)
With the aid of (20) and (22), (23) can be written as

Pty (Wl <) =r (< L5 7) =P, (20

MSE

-4

. 1o 0 2 z‘t é é 1‘0 12
Therefore, if we choose SNR (dB)
Fig. 1. MSE versus SNR performance of the different CFO estirsatnder
VTyr NOIA the parameters of)=8, P=128, K=4 andemax = 0.2.

then, the constraint ofw; > |7;| in (20) can be satisfied with " T
a probability of at leasP,. Consequently, by considering all ~ —e— ESPRIT
the K constraints in (20)2 can be chosen as ey =SPRIT

107k —8— SR-CFO

h= (IH?X {% }) NaE (26)

Finally, after substitutingh obtained from (26) into (12),
we can then estimate the effective CFOs by solving the g 107
optimization problem, which can be achieved by many exgstin
optimization packages, e.g., the SeDuMi [17].

Note that, the computational complexity of the proposed
SR-CFO estimation algorithm is mainly contributed by sodyi 107
(12). When the SeDuMi package is used, it requires at least
O(K3Q(Q — 1)) complex multiplications according to [18]. X
This complexity is higher than that of some existing algo- ' 1
rithms, e.%., the Unitary-ESPRIT [6], which has the comitiex O e e 1 1 6 1
of O(PQ?). However, as shown in the next section, the SNR (d8) _ _
estimation performance of our proposed algorithm is bettgig- 2. MSE versus SNR perforrpance of the different CFO estirsatnder
than that of the existing algorithms. the parameters ap=8, P=128, k=4 andemax = 0.35.

IV. SIMULATION RESULTS

In this section, we evaluate the achievable performancewhereM is the number of realizations, and
our proposed SR-CFO estimation algorithm and also compare (B (k) (k)
it with some existing algorithms, when an uplink QPSK- ém’ =0m'Q — [0 Q] (B)
OFDMA system is considered. In the considered OFDMA ) k) A(k)
system, the available bandwidth is divided into 1024 subcarwhere |-] is a round down operatok,,” and 6, are the
ers with the minimum spacing of 11.16 kHz. In order to avoiéistimates toe(*) and 6*), respectively. Finally, for each
inter symbol interference (ISI), a CP of length 64 is emptbyerealization in (B), {é,(,’?}kK_—Ol are given by theK largest
We assume that the time-varying channels for all the actiy§cal maximum ofé* selected by (12). For the purpose of
users have the same number of tapsL6f) = 10, and that comparison, in Figs. 1 and 2, four existing estimators are
the mean power of the taps follows an exponential distrdiouti considered, which are the MUSIC [4], ESPRIT [5], Unitary-
[5], [7}. Inr detail, the mean power of thieth tap is expressed ESPRIT [6] and the U-SIMOV [7] algorithms.
asCe"/%,1=0,---,9, whereC is a constant used to make From Figs. 1 and 2, we can explicitly observe that our
the total channel power unity. In the simulations of our SRhroposed SR-CFO estimator outperforms the other consldere
CFO estimation algorithm, the grid spacing is assumed to Bstimators in terms of the MSE performance, especially when
0.01, based on which we can find that = 800, when@ =8 the effective CFOs are relatively large. This is due to the fa
is assumed. In addition, in order to satisfy the constraint that our proposed SR-CFO estimator is designed based on
hw; > |n;| in (20) with a high probability, the probability of sparse recovery, which is capable of providing finer resmf,it
P, in (23) is chosen a8.9999. even in the low SNR region, than the other CFO estimators.

First, Figs. 1 and 2 show the MSE versus the SNR per-Fig. 3 depicts the MSE versus,., performance of the
formance of the different CFO estimators, whep.. = 0.2 proposed and the other four estimators. Over the whole
(Fig. 1) andepax = 0.35 (Fig. 2), respectively. Heres.x  range ofe,.,, the SR-CFO estimator outperforms the other
represents the maximum absolute value of the effective CF@stimators. As predicted, in comparison with the four éxdst
while the effective CFOs imposing on the different user algn estimators, the SR-CFO estimator becomes more significant,
follow the uniform distribution in fFepay, €max]- The MSE  ase.. increases. Therefore, the SR-CFO estimator is more

depicted in the figures is calculated by robust to the CFOs than the other considered estimators.
K1 Fig. 4 plots the MSE of the different estimators against
r Ak . )
MSE = 1 2%201 (egn) ON A) the number of active users. As the number of active users

increases, the MSE performance of all the estimators degrad
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in Fig. 5, when a range of SNR values are considered. In
the figure, theh values evaluated by the approach provided
in Section 1lI-B are presented as red stars. As shown in the
figure, the MSE obtained by these estimatedalues is close

to the minimum MSE achievable. Therefore, the regulamzati
parameter derived by our proposed approach in Section IlI-B
is nearly optimum in terms of the minimum MSE.

V. CONCLUSIONS

A novel SR-CFO estimator without relying on pilots has
been proposed and investigated against some existingaestim
tors. In our sparse recovery problem, the selection matrtk a
whitening filter have been designed in order to mitigate the
effect of noise and sampling error on the CFO estimation.
Furthermore, an approach has been proposed for deriving the

Fig. 3. MSE versusmax performance of the different CFO estimators, wherf€gularization parameter, so that the CFO estimator isttapa

the parameters of) = 8, P = 128, K=4 and SNR=12 dB are used.

= MUSIC

—&— ESPRIT
Unitary-ESPRIT
U-SIMOV

—H8— SR-CFO

5 6

4
Number of users (K)
Fig. 4. MSE versus the number of users for the different CF@nesbrs
under the parameters 6J=8, P=128, emax = 0.35 and SNR=12 dB.

3 7

When there are more than 4 active users, the estimatich
performance of both the ESPRIT and the Unitary-ESPRIT

becomes very poor. This is because the dimension of thelsigifh R. Du, J. Wang
subspace used by these two estimators is smaller than #tht us
by the other approaches. As shown in Fig. 4, our proposed SR-J.

CFO estimator outperforms all the other estimators, pexbid
that there are at least two active users.

MSE

—b— 19dB
10

15“ ?

Candidate regularization parameter (h)
Fig. 5. Effect of regularization parameter on the MSE perfaroeaof the
SR-CFO estimator with respect to different SNRs under tharmaters of
Q=8, P=128 andemax = 0.35.

Finally, the impact of the regularization paramekeon the

of achieving a good trade-off between the estimation regwiu

and the estimation performance. Finally, the performarfce o
the proposed SR-CFO estimator has been demonstrated and
compared with that of a range of existing CFO estimators.
Our studies and simulation results show that the proposed SR
CFO estimator outperforms all the other estimators in terms
of the reliability of estimation, but at the cost of an incsed
implementation complexity. Furthermore, the regulaitat
parameter derived by our proposed approach is nearly opti-
mum for achieving the minimum MSE of CFO estimation.
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