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Abstract: In this paper, the joint estimation of frequency offsets and channeli$tnibuted MIMO system in time-varying channel is
discussed. We assume that each pair of transmit and receive atema different frequency offset. We promote the multi-parameter
estimation based on expectation conditional maximization (ECM) and spereating generalized expectation-maximization (SAGE)
for a MIMO system operating under a flat-fading environment to the mal@meter estimation using EM algorithm for distributed
MIMO systems in time-varying channel. Theoretical analysis and simulegguits indicate that the improvement can well compensate
for the performance loss caused by time-variability and achieve gadarpence for time-varying distributed MIMO systems
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1 Introduction channel gains Maximum-Likelihood (ML) estimation for
a MIMO flat-fading channel using a training sequence. In

Multiple-Input Multiple-Output (MIMO) which is widely  this work, they held that the ML estimation is a
used in Long Term Evolution (LTE) has been proved to multi-dimensional minimization problem and thus has a
be effective in combating multipath fading, as well as very high computational complexity. Therefore, they
increasing the channel capacity, 2,3]. It can be found proposed two computationally efficient algorithms. In
that the prominent direction about MIMO technology is [10], the authors pointed out that there exists numerical
the distributed MIMO systen¥]5,6,7,8] from the trend  problems when the frequency offsets are estimated using
of research. It can be set up transmitting and receivinghe popular training sequences, which is due to the fact
antennas according to the specific needs for its highethat the involved matrices are rank-deficient. For
capacity. As the transmitting and receiving antennas mayvercoming this drawback, a correlation-based algorithm
be located in different geographic locations, the signalsfor frequency offset estimation was proposed IP|[
transmit through different channels, so the distributedwhich brings an error floor in MSE performance caused
MIMO system puts up higher requirements for channelby the existence of the interference in multi-antenna
and frequency offset estimatiod,P]. This problem must system. Compared with the method it2], an iterative
be solved for its advantages. In addition, with the rapidalgorithm has been proposed it0], which does not have
development of high-speed mobile communications, therghe error floor.
is an increasing demand for distributed MIMO systems  In [11], the authors proposed two iterative algorithms
operating in high mobility environment. to estimate the channel coefficients and frequency offsets

To date, related studies of multi-parameter estimationin distributed MIMO flat-fading channels, which assumed
for distributed MIMO systems have been relatively that each pair of transmit-receiver antenna has a distinct
mature [0,11,12,13]. However, the research on frequency offset value. In addition, the rapid development
multi-parameter estimation for time-varying distributed of high-speed mobile communications brings an
MIMO systems still requires some detailed work. B},[ increasing demand for distributed MIMO systems
the authors have researched on the frequency offsets ar@perating in high mobility environment. Therefore, the
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research on joint channel and frequency offsets estimation
for time-varying distributed MIMO systems has he = [hi1, hiea, - ,hk,NT]T 3)
important theoretical value and practical significance.

Motivated by all of the above, this paper focuses on

_ T
joint frequency offsets and channel estimation for bt = [hii (1), i (2), -+ it (N)] (4)
distributed MIMO systems in time-varying channels.
Notice that EM algorithm are widely used for iterative Wi = [Wic1, Wi 2, - - 7Wk.NT}T (5)

receivers, such as14,1516,17]. We promote the

multi-parameter estimation based on EM algorithm in -
distributed MIMO flat-fading channels1]] to the Nk =[Nk (1),nk(2),--+ Nk (N)] (6)
multi-parameter estimation using EM algorithm in

distribgted MIMO tir_ne-varying channels. Theoretical Nt x Nr distributed MIMO system can be equivalent to
analysis and simulation results show that the proposeq, jindependent multi-parameter estimation problems for
algorithm in this paper can well compensate for the ;5o (Multi-Input Single-Output) systems, therefore, we
performance loss caused by time-variability. consider an equivalent:21 distributed MIMO system for

The rest of the paper is organized as follows. In gmpjicity. And then, the received signal at timean be
Section 2, we describe system model and EM algo“thmexpressed as

The initialization of the proposed algorithm and the

As is known that multi-parameter estimation for a

iterative algorithm are discussed in Section 3. Simulation 2 ,
results are presented in Section 4 to demonstrate the  y(t) = 2h| LMt (t) +nt),t=12---,N (7)
effectiveness of the proposed algorithm. Finally, Section =1

states the conclusion. )
Let we define

w=[w Wz]T (8)
2 System model

In this section, system model and an overview of EM ®(wy) = diag([el": e ... el ]) )
algorithms are presented, respectively.

®d(wy) = diag([el"2 ez ... glNW2]) (10)

2.1 Distributed MIMO system model hy — diag([hu(D) ha(2) - M(N)])  (11)
Consider a distributed MIMO system willir transmitter

antennas andNr receiver antennas in time-varying hy = diag([ h2(1) h2(2) -+ h2(N)]) (12)
channels. Therefore, each transmitter and receiver
typically requires its own radio frequency- intermediate
(RF-IF)  chain. Consequently, each pair of
transmit-receive antenna has a distinct frequency offse
value. The received signal of theth receive antenna at
timet can be expressed as -

We assume that the first transmit antenna transmits
s1 = [s1(1) 05(3) --- s(N—1) Q7; The second
ransmit antenna transmitss, = [0 5(2) 0 ---

0 2(N)]T. Then, the received signal is given by

) _ i
. IZlh|(1)e“W's|(1)+lﬂ(1)
N £
— jwit — 2 ;
Yk(t) Izlhk,l(t)e s(t)+m),t=12--- N (1) - |Zlh| (Z)EJZW'&(Z)—FH(Z)
where §(t),t = 1,2,---,N is the sequence of symbols :
transmitted from thé-th transmit antenndyy (t) andwy 2 iNw
are the channel coefficient at timeand frequency offset _élh' (N)e™ s (N) +n(N)_
between thel-th transmit antenna and tHeth receive = h1®(w)s1 +h®@(wa)s2 +n
antenna, respectively. In additiomy(t),t = 1,2,---,N hy(1)eis (1)
denotes a sequence of zero- mean, independent and h2(2)e12‘N252(2)
identically distributed complex-valued Gaussian random hy(3)el®1s,(3)
variables with variance af? [11]. Noise sequences bk = i +Nn=®h+n
receiver antennas are statistically independgfit | o
Let we define hy(N—1)el(N-Dwig) (N — 1)
) | h(NeNes(N)
Yie= [Yk(1),¥k(2), -+, Yk(N)] 2 (13)
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where®s = diag([s1(1)e s;(2)el?2 5 (3)elM... Finding:

N—1)elN-Dw2 g, (N)eiNWe)): m+1] _ Al

si(N 1) s (N)e"2)) o™ ~argmaa (6]6™)| . (19

e ke SR Updating:

» EQ. p él[m]: él[m+1] (19)

y=®sh+n (14)
3 Joint frequency offset and channel

2.2 EM algorithm estimation

EM algorithm, namely expectation maximization In this section, we first describe the initialization of the
algorithm, is an effective method of seeking parameterproposed algorithm, and then the iterative algorithms
ML estimation, which can perform parameter estimationwhich are applicable to time-varying channel are
from incomplete data space and significantly reducediscussed in detail.
computational complexity of ML estimation.

Let 8 denotes the parameter to be estimated from the
observational data And the probability density function 3.1 Initialization of frequency offsets and
(PDF) ofy is f(y|0). Therefore, the ML estimation & channel
can be expressed as

. After a careful analysis of Eq. (14), we can know that the
6 =arg rr;axf(y| 6) (15) ML estimation of frequency offsets and channel are

) ) ) ) achieved by minimizing of the following log-likelihood
The ML estimation has a very high computational fynction [o]

complexity and thus EM algorithm is proposed which A= lv— @hl? 20

| and : WK ly — ®shl| (20)
uses an iterative approach to solving ML estimation

problem. The initialization of frequency offsets can be obtained

The derivation of EM algorithm depends on the using the correlation algorithm proposed Ir8].
concept a hypothesis, so-called complete data smace =~ For a given value of frequency offsetv, the
The observed random variabye which is referred to as initialization ofh can be expressed as
incomplete data space, is related ta by a
mappiny = g(x). The function g is a many-to-one ho = (@5 @)ty (21)
transformation. Since is not observable, at therth

iteration, the EM algorithm computes its first step, called _ Substituting Eq. (21) into Eq. (20), the frequency
expectation step(E-step)L,q] which is given by offsets are obtained by multi-dimensional optimization of

the following equation

J(616M) =E{logf (x| 6)|y,6M 16 _
( | ) {og (x1O)ly. } (16) w:argrv\/aw"'%(dﬁ%) Loty (22)

In the second step, called maximization step (M-step), , o
the parameter vector is updated according to In this paper, we adopt the method similar ]}
However, the method in this paper is applicable to

time-varying channel while the method ih1] is used in

flat-fading channels. Therefore, Eq. (22) and the

counterpart in 11] share similar form but have different
In some cases, the expectation conditionalnature.

maximization (ECM) can be adopted to simplify the

computation when the M-step of EM algorithm is too

complicated. The ECM algorithm1f] replaces the 3.2 Theiterative algorithm
complicated M-step of EM algorithm by a series of

smaller and less complicated steps. Specifically, if theSpecificaIIy, we define the sequence of the symbols and

parameter 8 can be divided into M groups of :
8.1 =12, .M. then the M-step of EM algorithm at the Egi]frequency offset of thieth transmit antenna as follows

m-th iteration can be performed byl smaller steps in _ T
which 6 is updated at thé-th step,| = 1,2,...,N,while $=1).50),.a(N)] (23)
6.'s, v# 1 are fixed at their most updated valuég][ S ,

Thel-th step can be described as follows w; = [el"™ elam . ,e‘NW'] (24)

glm+1] _ glm
6 arg ng)ax] ( 6|6 ) a7
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And then the received signal can be expressed as Substituting Eg. (31) into Eq. (30), we can have

< o|oim
y=3 (8 ow)oh -+ (25  Q(o)o")

2 ~
=C1—E{5 2]z —(sow)oh]ly,8Mm}
where n = [n(1),n(2),---,n(N)]" and "CN(0,0?Iy); 2, Ao (32)

hi = [h(2),h(2),---, hi(N)] I = 1,2, and® denotes the _ § 1 Z[m] (s ®W|)@hIH2

element-wise product of two vectors/matrices. The =

parameter to be estimated 8 — [6],6]]", where her

6 = [W|,h|}T is the two parameters corresponding to the S A

pair of thel-th transmit antenna and receive antenna. In 4= {Z' |y, 0 } (33)

the EM algorithm, the observed signais the incomplete
data space. Followingl[f], we define the complete data

andC; andC; are two constants which are independent of
T 6.
space ag = [z1,2] , where

We can easily obtain the following equation fprand

2 4 (sow)oh+n, (=12 (26) y are jointly Gaussian distributed and satisfy Eq. (27)
Therefore, the relation between the complete data 2|[m] = (3 @\Tvl[m]) ® ﬁllm]+
space and incomplete datycan be expressed as 3 - - (34)
) . B (v- 3, ((sow) ohi"))
3=y
;1 where
Dividing the total noisen into two components, we Wim ejw[v”‘] ejZ\/T/\[,m] eij\[,m] T (35)
haVe , \% I 9 I
>m=n (28) The second step is the M-step. In this step, the updated
=1 value of@, 8™ can be determined as

where n;’s are statistically independent, zero-mean
Gaussian random with covariance matrix[}pble. B's glm+1] _ arg ma>Q(9| é[m])
are determined by 6

2 2
2 _argmax(Cz—lzlﬁllUZ Zm — (s ®W|)®h|H )
YB=15>0 (29) o . 2
=1 argmax( )3 H?I[m] —(s ®W|)®h|H )
We assume thgB’s are equal, namely3 = 1/Ny = o 2 Ifl 2
1/2. :argrgmllezl[m]—(a ®W|)®h|H
(36)
3.2.1 ECM algorithm From the above equation, we can easily knov_v that the
updating process d can be decoupled into two (i.Blr)
The mrth iteration of ECM algorithm consists two steps, updating processes off for | = 1,2(Nyr = 2) [11].
i.e., the E-step and M-step. Therefore, /™ can be determined by the following
The first step is E-step. Assuming that the parametequation
6 and conditioned upon the incomplete data and the
current estimated value ¢i™ are given, the expectation ~ gim+l _ arg minHZ[m] —(sow)eh
of the complete data space log-likelihood function can be 6
expressed ad ]

Q(6]6™ ) 2 E{logf (z/6)]y. 0!

Because of the statistical independence ammisgthe
probability density function of; as a function o8 is given

2
1=12 (37)

20 In ECM algorithm, the updating processép[f”] =
} (30) [Wl[m],ﬁl[mq consist two smaller steps. The Eq. (37) is
minimized with respect to one of™,Al™ | while the
others are kept at their most updated valuggs We

by A
, denoteel[m+°/ 2 as the estimate o atc-th step ofm-th
f(zle 1 iteration of the ECM algorithmg = 1,2.
(216)= D f(al8)= 2(nﬁ| 02)N exp (31) Firstly, we determine the updated valuevgfwhile h;
{ la—(sow)on |- S‘VW' mh'” } is fixed atﬁl[m], i.e., we determinél[erl/Z] = [vvl[ml],ﬁl[m]]
@© 2014 NSP
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where of z is relatively large. To improve the convergence rate,
5 we use space-alternating generalized
Wl[m“] =arg minHil[m] —(sow)eh H b _fim expectation-maximization (SAGE) algorithm where the
@ N R ik parameteP is divided into two \t) groups ofg,| = 1, 2.
=argminy |2|[m} (t)—s (1) ej‘”'th,[m} ) The updated process of any group is taken place while the
“ = . others are fixed at their latest updated values. [
— argmaxy D{(z[m] (t)) 3 (t)ﬁl[m] (t)eJWﬂ} Similarly, for the group of6, | belongs to the set
@ t=1 (38) {1,2}. The hidden data space is defined as
Wherezfm] (t) is thet-th element ole[m]7 t=1,2,---,N. x 2 (§ow)eh+n (44)
We can resort to Taylor's series expansionebfit
aroundw *m“] to the second-order term as the following The update process @ at the mth iteration also
equatlon for handling the nonlinearity of Eq. (38) consist of two steps, i.e., E-step and M-step. Gigeand
_ o m, y, we can determine the expectation of the hidden data
elWit gt (w| Wi }> (Jt)eJWI + space log-likelihood function as
oo N
’ o(a[6m) e {ioat (x |a. {87} ) v}
Simulations indicate that Eq. (39) is always convex. v (45)

Therefore, substituting Eq. (39) into Eqg. (40), we canyhere
obtain the updated value™ ™" as

. ; f g ):f
W~ argmaxs 0(37 (1) '3 O™ ©x(" (X' 4.{a"},, ) = foie)

— 1 exp { _ (g ow)oh |2 }
A . jW[m]t 1 ~[m| W [mi (HUZ)N o2
(™) (it @™ 1 3 (w ™) ()%™ 46)
(40) Substituting Eq. (46) into Eq. (45), we can have

Differentiating the function insid¢-} of Eq. (40) with
respect tayy and equating the result to zero, we can obtain Al
2(alén)

the updated value™ ¥ as tomionl? ], 2
* R ) = E  EXP w y,6m
o 20 {(F"Mm) s A" © e { s }
~[mH1] m . 1 m
Wl _Wl N 2 Al * Al it = C3_FE{ ||X| (S| OwW ®h||| ‘y 9 }
SN0 { (3" ) s OR™ ©emt] n
(41) =C—-% —(sow th
Secondly, the updated value bf at timet, ™ is (47)
determined, wherey is fixed at its newest value of Where
W™ Y. Therefore, we haved ™" = {wl[ml],ﬁ}mﬂ om A ¢ {x ‘ é[m}
where R ,
A~ [m] [ ml [ m (m]
- R - mid 2 =(sOW " )Oh +<y— S {sv® ohy )
hl[m+1] (t) _ argmtl? Z|[m] (t) —5 (t) elW thl (t)’ (42) ( , ) V=1 (( ) )
v=1Vv#|
After some algebra, we can have i (48)
In this step, the update value af,el[m*”, is expressed
: 1 "ms as
A () = x t=12--- N (43)

~[m+-1]

s ®F o™

alm+1] Alml
ot [l T | | 6 = arg rga)Q <9| ‘6, )
Thus,§™ ™ = {wl hy } and them-th iteration (49)

is finished. —ang rHi”H’A('[m] —(sow)oh H

. The above equation can be solved like the M-step of
3.2.2 SAGE algorithm the previous where ECM is deployed, i.e., it consists of

m
In the ECM algorithm, the noise variance is distributed tWo smaller steps and elements @ = { ') q are
overz for all value ofl. Therefore, the Fisher information updated sequentially.
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Firstly, we determine the updated value of as the 1’

- B

following equation whileh, is fixed athl[m]
PR et E s . T
mit] ZthltD{()A(l[m](t))Sl(t)ﬁl[m](t)ejwlt} 10k S B S sy
A VL - N e
S8 {(87 ) s A @ et} S B
(50) 5@102:;:;; SETTTIISE

where<f"] (t) is the -th element ofxi[m] in EQ. (48), 7 i R
t=12---,N. RSOSSN SOOI SN

Secondly, we determine the updated value of time of 4 i
h, as the following equation while, is fixed at its newest “'] —A—  h2-Proposed algorithm

value ofvxil[m+1] S e
e h2-Method in [11] v
A[m] o : ; 1 L

. 1 1S (t ; 0 E 2 ® i

. . SNR(dB)
Fig. 1: Comparison of MSE performances of channelldfj[and

s ®F o™ _
proposed algorithm

N ~ T
Thus,§™ = [#™¥, ] and themth iteration
is finished.

-1
10 o
&

4 Simulation results 10’25

In this section, we present the simulation results and 10#' ~_
analysis of the proposed method. At the same time, we
compare the performance of the proposed algorithm in%J
terms of MSE with the existing algorithm. w0tk
The simulation parameters are shown in Table 1. :

—8B— CFOI1-Proposed algorithm
10° E:| —&—  CFO2-Proposed algorithm
s ==+ CFO1-Method in [11]

Table 1: MIMO system simulation parameters | B CFO2-Methodin [11] B S
Parameter Value 10° . . : i |
Frequency offsets 2m{0.01 00117 ° 1 15SNR(dB) @ % 0
Modulation QPSK Fig. 2: Comparison of MSE performances of CFO &fi] and
Doppler shiftHz 260 proposed algorithm
Sampling time (s) 2.5e-6
Number of antenng 2x2
Channel independent Rayleigh, time-varying

Fig.2, the MSE performance of channel and carrier
frequency offset is illustrated, respectively.

As is mentioned above, the algorithm il]] is Fig.1 shows the comparison of the MSE performance
appropriate for distributed MIMO systems in the of channel of L1] and the algorithm in this paper. Fig.2
flat-fading channel. We promote the multi-parametershows the comparison of the MSE performance of carrier
estimation algorithms in 1[1] to the multi-parameter frequency offsets (CFO) oflfl] and the algorithm in this
estimation using EM algorithm in distributed MIMO paper. We can see that the MSE performance of the
time-varying channels. And then we compare thealgorithm in [L1] is relatively poor. What's worse, the
performances of the algorithm in this paper with the performance is still poor at high-SNR region. It indicates
algorithm in [L1], which are in time-varying channels for that the algorithm in 11] is inappropriate in high-speed
comparison. environments. We can also see from the two figures that

In this paper, we initialize values for frequency offset the MSE performance of the proposed algorithm is very
using the method in12]. After having these values, Eq. satisfying, especially in high-SNR region. Obviously, the
(21) is used to get the initial estimates for channelperformance of the proposed algorithm is better than the
coefficients. In addition, our proposed algorithms stopalgorithm in [L1] in high-speed environment. Thus we
when difference between log-likelihood function of the can conclude that the proposed algorithm can
two consecutive iterations is less than 0.001. In Fig.1 andsignificantly compensate for the performance loss caused
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