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Abstract— A complete solution to joint channel tracking and
symbol detection for bit-interleaved MIMO-OFDM systems in a
time-varying frequency-selective fading environment is proposed
in this research. In the training mode, the Rao-Blackwellised
particle filter (RBPF) is used to estimate the phase offset (PO) and
the carrier frequency offset (CFO). In the data mode, based on
a recursive EM procedure in conjunction with soft decoding, we
develop an iterative algorithm that performs the minimum mean
squared error (MMSE) channel estimation and the maximum
a posterior (MAP) probability symbol detection jointly. The soft
decoding module is composed of the list sphere decoder (LSD)
and the soft-in-soft-out (SISO) channel decoder based on the
BCJR algorithm. The performance of the proposed algorithm
is evaluated via simulation. It is demonstrated that the new
algorithm has robust performance in the presence of phase noise
and the carrier frequency offset.

I. INTRODUCTION

Space-time coding offers a bandwidth- and power-efficient
solution to wireless communications. It exploits spatial di-
versity from multi-input multi-output (MIMO) channels to
combat fading effects [1]. On the other hand, orthogonal
frequency division multiplexing (OFDM) has been adopted in
several commercial applications due to its robustness against
frequency-selective fading. Therefore, MIMO-OFDM is a
promising scheme for broadband wireless communications.

Bit-interleaved coded modulation [2] has been applied to
narrowband MIMO systems over flat fading channels and
to OFDM systems over frequency-selective fading channels
[3] [4]. The performance analysis of bit-interleaved OFDM
systems has been studied in the literatures. However, neither
channel estimation nor phase/carrier frequency offsets were
considered in such a context before. The phase offset (PO)
and the carrier frequency offset (CFO) in OFDM systems not
only result in the phase rotation of all subcarriers but also
introduce the inter-carrier-interference (ICI) effect. A Kalman
filter approach to suppress the phase offset was proposed
in [5]. Several MUSIC-like algorithms has been adopted to
estimate CFO (see [6] [7] and therein). However, a joint PO
and CFO estimation scheme has not yet been presented.

The particle filter (PF) [8] simulation is a powerful sequen-
tial Monte Carlo method, where the particle representation
of probability densities is used to estimate parameters of an
arbitrary distribution in a state-space model. In particular,

the Rao-Blackwellised particle filter (RBPF) [9] provides a
reduced variance estimator of nonlinear and linear parameters
by exploiting the conditional linear state-space model structure
to estimate the marginal distribution. The same idea was first
applied to demodulation over a fading channel [10]. Here, we
propose to use RBPF to estimate nonlinear parameters, PO
and CFO, in the training mode.

Several schemes were proposed for joint maximum likeli-
hood sequence detection (MLSD) and maximum a posterior
(MAP) or minimum mean squared error (MMSE) channel
estimation in the past. Most of them are proved to be special
cases of the Expectation Maximization (EM) algorithm [11].
The most well known example is the per-survivor processing
(PSP) technique [12]. A main drawback of PSP is that its
complexity increases exponentially with the channel memory
length in time-varying fading channels. Adaptive Bayesian
and EM-based detectors for single-in-single-output frequency-
selective fading channels were proposed in [13], where the
performance of coded systems was greatly enhanced by the
soft-decision channel estimator. A unified structure based
on recursive EM for joint channel tracking and symbol de-
tection in multipath fading channels was proposed in [14].
Furthermore, in conjunction with the BCJR algorithm, the
recursive procedure was presented in [14] as a message-
passing scheme on a cyclic graph. This algorithm was modified
and extended to MIMO channels in [15], [16]. Pioneering
research on joint channel estimation and symbol detection was
conducted in [17], [18], [19], where a hard-decision Kalman
filter was used to track time-varying channels. A turbo receiver
employing a MAP-EM demodulator and a soft decoder was
proposed for space-time block-coded and LDPC-based space-
time coded OFDM systems over correlated fading channels
in [20] and [21], respectively. The MAP-EM demodulator
treats the transmitted signal as the desired parameter and the
channel as the unobserved data. Here, we extend the result
in [14] to coded MIMO-OFDM systems over time-varying
channels. Specifically, we consider a system with the source
sequence encoded by a convolutional encoder, interleaved,
QAM-modulated and then mapped to OFDM symbols fol-
lowed by an MIMO encoder.

The rest of this paper is organized as follow. A gen-
eral bit-interleaved MIMO-OFDM system over time-varying



frequency-selective fading channels in the presence of PO and
CFO is discussed in Sec. II. An efficient way to estimate
PO and CFO by RBPF is given in Sec. III, and this type
of information can be obtained in the training mode in the
very beginning of transmission. A joint channel taps tracking
and symbol detection scheme using the EM algorithm with
soft decoding is proposed in Sec. IV. Soft sphere decoding
based on the list sphere decoding [22] is used for MIMO soft
decoding, while the BCJR algorithm [23] is used to provide
soft decoding of the outer convolution codes. The performance
of the proposed scheme is evaluated and compared with
the Kalman filter with hard decision feedback in Sec. V.
Concluding remarks are given in Sec. VI.

II. SYSTEM MODEL

We consider a bit-interleaved MIMO-OFDM system with nt
transmit antennas and nr receive antennas as shown in Fig. 1.
The source sequences are encoded by a convolutional encoder,
interleaved, QAM(or PSK) -modulated and then mapped to
OFDM symbols followed by space-time code encoder.

Fig. 1. (a) The transmitter of the MIMO-OFDM system and (b) the proposed
receiver for joint channel estimator and symbol detection based on the EM
algorithm and soft decoding.

Let N be the total number of subcarriers and s i(m) =
[si,0(m), . . . , si,N−1(m)]T the mth block of frequency-
domain symbols sent by the ith antenna. The corresponding
time-domain vector is given by xi(m) = WHsi(m), where
W is the N -point discrete Fourier transform (DFT) matrix.
A cyclic prefix (CP) of length LCP is appended in front
of xi(m) to eliminate the interblock interference (IBI). The
resulting vector ui(m) with length Lu = N + LCP is then
transmitted over the channel. Let the discrete-time channel
response from the ith antenna to jth antenna be h i,j(m) =
[hi,j,0(m), · · · , hi,j,L−1(m)]T where L is the maximum chan-
nel length. In the presence of CFO ω and PO ψ between
the receiver and transmit oscillator, the OFDM signal at the
receiver can be written in a compact form as

rm = ejω(mLu+LCP )+ψΩ(ω)D(Xm)hm + wm, (1)

where rm = [rT1 (m), · · · , rTnt
(m)]T ,

Ω(ω) =

⎡
⎢⎣
diag(γ(ω)) 0 0

0
. . . 0

0 0 diag(γ(ω))

⎤
⎥⎦ ,

γ(ω) = [1, ejω, · · · , ej(N−1)ω]T ,
hm = [hT1,1(m),hT2,1(m), · · · ,hnt,1, · · · ,hTnt,nr

(m)]T ,

and D(xm) is a block diagonal matrix with block matrix
Xm = [X1(m), · · · ,Xnt(m)] of dimension N × ntL, where
Xi(m) is the N × L circular matrix generated from xi(m)
of the ith transmit antenna with the (p, q)th entry given by
the ((p − q)modN)-th entry of xi(m). A common way to
model the time evolution of a vector process is to use the
autoregressive moving average (ARMA) filter. Let us define
hm ≡ [hTm, ...,h

T
m−Lh+1]

T , where Lh is the order of the
channel model. The channel dynamics can be modeled by the
following state-space form

hm = Fhm−1 + Bv

=

⎡
⎢⎢⎢⎣
F1 F2 · · · FLh

I 0 · · · 0
...

...
. . .

...
0 · · · I 0

⎤
⎥⎥⎥⎦hm−1 +

⎡
⎢⎢⎢⎣
B
0
...
0

⎤
⎥⎥⎥⎦v, (2)

where Fi, i = 1, · · · , Lh, and B is of dimension ntL× ntL.
Under the wide-sense-stationary-uncorrelated-scattering (WS-
SUS) assumption, Fi and B must be diagonal. The diagonal
entries can be selected by exploiting the correlation-matching
property and solving Yule-Walker’s equations in order to
match the physical model. We will assume Lh = 1 in the
following. It is however easy to extend the algorithm to any
case with slight modification.

III. PARTICLE FILTER IN TRAINING MODE

We propose a sequential Monte Carlo estimator based on the
Rao-Blackwellised particle filter (RBPF) to estimate nonlinear
parameters (i.e., PO ψ and CFO ω) and linear parameters (i.e.,
channel taps ht) jointly in the training mode. We change the
subscript notation from m to t to emphasize the training mode.
Based on (1), the joint posterior probability is

p(ψ, ω,ht|rt) = p(ht|ψ, ω, rt)p(ψ, ω|rt), (3)

where p(ht|ψ, ω) is analytically trackable by the Kalman
filter due to the conditional Gaussian distribution in the
linear state-space model. Thus, we only need to de-
sign the particle filter to approximate the marginal pos-
terior distribution p(ψ, ω|rt). Let θ = {ψ, ω}, X (θ) =
ejω(mLu+LCP )+ψΩ(ω)D(Xt), and Rt = {ri : i = 0, · · · , t}.
Then (1) can be written as

rt = X (θ)ht + wt. (4)

The proposed RBPF algorithm is given below.

1) Initialization. For i = 1, · · · , Np, draw initial particle
θ
(i)
0|−1 from the prior distribution. In our system, it is



assumed that the prior is uniform. Initialize the Kalman
filter associated with each particle as h(i)

0|−1 = ĥ0, and

P(i)
0|−1 = P̂0.

2) Evaluating and normalizing the importance weights. For
i = 1, · · · , Np, we have

q(i)m = p(rt|Rt−1, θ
(i)
m|t−1) ∼ N (r(i)

t|t−1,U
(i)
t ),

q̃
(i)
t = q

(i)
t /ΣNp

j=1q
(j)
t ,

where “|t” denotes using information up to time t and

rt|t−1 = X (θ(i)t|t−1)h
(i)
t|t−1,

U(i)
t = X (θ(i)t|t−1)P

(i)
t|t−1X (θ(i)t|t−1)

H
+ σ2I.

3) Parameter estimate given by

θ̂t|t =
Np∑
i=1

q̃
(i)
t θ

(i)
t|t−1. (5)

4) Particle filter measurement update. Resample Np parti-
cles with replacement

Pr(θ(i)t|t = θ
(j)
t|t−1) = q̃

(j)
t .

5) Kalman filter measurement update. For i = 1, · · · , Np,
we have

h(i)
t = h(i)

t|t−1 + K(i)
t (rt −X (θ(i)t|t )h

(i)
t|t−1),

P(i)
t|t = P(i)

t|t−1 − K(i)
t U(i)

t K(i)
t

H
,

Kt = P(i)
t|t−1X (θ(i)t|t )

H
U(i)
t

−H
,

Ut = X (θ(i)t|t )P
(i)
t|t−1X (θ(i)t|t )

H
+ σ2I.

6) Particle filter time update. For i = 1, · · · , Np, draw new
particle θ(i)

t+1|t from p(θt+1|t|θ(i)t|t ).
7) Kalman filter time update. For i = 1, · · · , Np, we set

h(i)
t+1|t = Fh(i)

t|t−1,

P(i)
t+1|t = FP(i)

t|tF
H + BBH .

In order to obtain converged parameter estimates, a random
walk evolution model with variance decaying with time for
the fixed parameters is suggested in [24]. That is, we have

θt = αθt + (1 − α)θ̄t + nθt, (6)

where α = (3δ − 1)/(2δ), δ is around 0.95 to 0.99, θ̄t is the
Monte Carlo mean at time m, and nθt ∼ N (0, (1 − α2)Qt),
Qt is the variance of parameter at time t. Therefore, the
probability used in Step 6 is

p(θt+1|t|θ(i)t|t ) = N (αθ(i)t|t + (1 − α)θ̄(i)t|t , (1 − α2)Qt). (7)

The advantage of the RBPF over generic PF is that the
dimension of parameters is reduced by marginalization, which
results in estimates with a smaller variance. Since the Kalman
filter is widely adopted to track time-varying parameters,
RBPF only introduces additional complexity of sampling
and memory storage (Np Kalman filters required) when the

hardware implementation is considered. Moreover, from Step
6 and (6), it is obvious that RBPF can also track dynamic
nonlinear parameters.

IV. TURBO RECEIVER DESIGN IN DATA MODE

In the data mode, we will first compensate the PO and CFO
estimated from the training mode. Then, the output of DFT
at the receiver ym can be written as a dynamic state space
model involving only linear parameters as

ym = D(sm)hm + nm, (8)

where sm = [s1(m)T , · · · , snt(m)T ]T , D(sm) is a block diag-
onal matrix with [diag(s1(m))WL, · · · , diag(snt(m))WL] as
the diagonal entry, WL is the firsts L+1 columns of the size-
N DFT matrix W, and nm is noise plus error introduced by
the PO/CFO estimation error. Noise nm is assumed to be white
Gaussian with covariance matrix C. It is more convenient to
express (8) as an equivalent form for detection,

ym =

⎡
⎢⎣

H1,1(m) · · · Hnt,1(m)
...

. . .
...

H1,nr(m) · · · Hnt,nr (m)

⎤
⎥⎦ sm + nm, (9)

= H(hm)sm + nm, (10)

where Hi,j(m) = diag(WLhi,j(m)), i.e., a diagonal matrix
with the frequency response of hi,j(m) as the diagonal entry.
We propose an EM algorithm to track the channel. The a
posterior probability (APP) p(si|Ym, Θ̂(l−1)

m|m ) is needed to
implement the recursive EM algorithm, and it can be computed
by soft decoders. Thus, to conduct channel estimation and
symbol detection jointly, the soft decoder and the recursive
EM algorithm have to work in concert, with the soft decoder
providing metrics for the EM estimator and the EM providing
the likelihoods required for metric updates. This recursive
procedure can be represented by a graphical model using the
concept of message passing [14].

A. Pilot tones

To obtain reliable initial channel taps estimates even in
the presence of deep fading, we select P pilot tones in each
MIMO-OFDM block, and the identification condition is P ≥
L. (Recall that L denotes the maximum channel length.) Since
pilot tones are known at the receiver, the sequential MMSE
estimator can be derived by the standard Kalman filter with
observation equation (8) and evolution equation (2).

B. Soft Decoding Module

In MIMO-OFDM systems, soft demodulation is a tone-by-
tone based operation due to the ISI-free property of OFDM.
Let the MIMO encoder be a linear space-time mapper [22],
which implies that sm is a linear function of the output of
the outer code encoder bm. Then, the detection model for a
particular tone i is equivalent to a standard MIMO model

y(i)
m = H(i)

m s(i)
m + n(i)

m , (11)



where y(i)
m and H(i)

m depend on (9) and the corresponding
space-time mapper, and s(i)

m = map(b(i)
m ). Let the k-th bit of

b(i)
m be bk. Then, the soft output of bk can be derived as

λ[bk] = ln
P [bk = 1]
P [bk = −1]

+ ln

∑
b∈Bk,+1

p(y(i)
m |b)P (b|bk)∑

b∈Bk,−1
p(y(i)

m |b)P (b|bk)
,

(12)
where Bk,±1 = {b|bk = ±1}.

1) List Sphere Decoder (LSD): The LSD was adopted
in [22] to perform soft demodulation of the MIMO-OFDM
symbols and obtain the soft information of coded transmit bits.
We choose the Zero-Forcing (ZF) point as the initial center
since we do not have reliable covariance information of noise
in the beginning. After several iterations, a reliable estimate
of the covariance matrix is obtained so that we can perform
whitening and use the MMSE point as the center point. The
radius can be selected by [25]

R � (
NL × | det(Hm)|

Vs
)1/s, (13)

where

Hm =
[
Re{Hm} −Im{Hm}
Im{Hm} Re{Hm}

]
is the lattice generator matrix [26], Vs is the volume of the
sphere with unit radius in R

s, s is twice the input dimension
and NL is the list size. The lattice sphere decoding algorithm
is used to search the N closest vectors to the center point (ZF
or MMSE). Whenever a new point is found, we add it into
the list if the list is not full. If the list is full, we compare its
radius with the largest radius in the list and drop the larger
one. Finally, we use list L, the soft information similar to (12),
and the summation set replaced by Bk,±1∩L) to approximate
APPs. The soft output in (12) can be further simplified by the
max-log approximation for computation efficiency [22], [25].
Here, we omit the simplified form due to the space limitation.
It is worthwhile to emphasize that LSD is only suitable for
linear MIMO-encoder mapping.

2) SISO Channel Decoder: The soft-in-soft-out (SISO)
channel decoder is implemented by the well-known BCJR
algorithm [23]. The soft-input of the SISO channel decoder
comes from the output of LSD and the soft-output of the SISO
channel decoder will serve as the prior of LSD.

C. Recursive EM Channel Estimator

Let Cm, Im and Θm be the complete data, incomplete data
and channel parameters at time m, respectively. The two steps
of the EM algorithm can be written as

1) The E-step: computing the Kullback-Leibler (K-L) mea-
sure

Qm(Θm|Θ̂(l−1)
m|m ) = E{log p(Cm|Θm)|Im, Θ̂(l−1)

m|m }.
(14)

2) The M-step: maximizing the K-L measure for the new
estimate

Θ̂(l)
m|m = arg max

Θm

Qm(Θm|Θ̂(l−1)
m|m ), (15)

where superscript (l) is the total number of iterations at each
time step. Let Ym = {yi : i = 0, · · · ,m} be the received
information and Sm = {si : i = 0, · · · ,m} be the transmitted
OFDM symbols up to time m. Let µi|m = E{hi|Ym, Θ̂(l−1)

m|m },
and Σi,j|m, i, j = 0, · · · ,m, be the cross-covariance matrix
between hi and hj . For the convenience of expression, we
define �m = [hTm, · · · ,hT0 ]T with conditional mean Um|m =
[µTm|m, · · · , µT0|m]T and conditional covariance matrix Γ i|m =
[Σi−j,i−l]j+1,l+1, which is a block matrix with the block at
the (j + 1)th row and (l + 1)th column equal to Σi−j,i−l.
In this problem, the complete and incomplete data at time
m are denoted by Cm = {Ym, �m,Sm} and Im = {Ym},
respectively, and the parameter set of interest is {Um|m,C}.
The K-L measure with respect to Um|m in this case is given
by [14]

Qm(Um|m, Ĉ|m|Θ̂(l−1)
m|m )

= E{log p(Ym,Sm, �m|Um|m, Ĉ|m)|Ym, Θ̂(l−1)
m|m }

=
∑m

i=1{−ρi(µ̃i|m, µi|m) − ηi(µi|m, µ̄i|m) + ci} + e

−[µ0|m − µ0|−1]HΣ−1
0|−1[µ0|m − µ0|−1] − ρ0(µ0|m, µ̃0|m),(16)

where ci and e are constant terms,

ρi(µ̃i|m, µi|m) = [µ̃i|m − µi|m]HC̃i|m[µ̃i|m − µi|m],

ηi(µi|m, µ̄i|m) = [µi|m − µ̄i|m]H(BBH)−1[µi|m − µ̄i|m],

and µ̄i|m = Fµi−1|m and µ0|−1 and Σ0|−1 are initial values
obtained from the training mode. C̃i|m and µ̃i|m come from
the synthetic system that is characterized by

C̃i|m = E{D(si)
HĈ−1

|mD(si)|Ym, Θ̂(l−1)
m|m }, (17)

D̃i|m = E{D(si)
HĈ−1

|m |Ym, Θ̂(l−1)
m|m }, (18)

with the synthetic log likelihood function of {h i, Ĉ|m} at time
i defined as

SLLi(hi, Ĉ|m|Ym, Θ̂(l−1)
m|m ) = − log(πLr det(Ĉ|m))

−E{(yi −D(si)hi)HĈ−1
|m (yi −D(si)hi)|Ym, Θ̂(l−1)

m|m }
= −[C̃−1

i|mD̃i|myi − hi]HC̃−1
i|m[C̃−1

i|mD̃i|myi − hi] + const.,

which can be maximized with respect to hi by setting µ̃i|m =
C̃−1
i|mD̃i|myi. Therefore, µ̃i|m is referred to as the synthetic

ML estimate of hi. Notice that, in (16), except for the constant
terms, all other terms are in a Gaussian quadratic form. Thus,
maximizing (16) with respect to Um|m is equivalent to seeking
the recursive expression of Ûi|m, which is given by a series
of Kalman-like equations:

Ûi|m = Û ′
i|m + Gi|m(µ̃i|m − JHi Û ′

i|m), (19)

Γ̂i|m = Γ̂′
i|m − Gi|mJHi Γ̂′

i|m, (20)

Gi|m = Γ̂′
i|mJi(C̃−1

i|m + JHi Γ̂′
i|mJi)−1, (21)



where Ji = [Intnr×ntnp ,0ntnp×intnp ]H and Û ′
i|m and Γ̂′

i|m
are obtained via

Û ′
i|m = [µ̄Ti|m,UTi−1|m]T = [(Fµi−1|m)T ,UTi−1|m]T ,

Γ̂′
i|m =

[
FΣ̂i−1,i−1|mFH FVH

i−1|m
Vi−1|mFH Γ̂m−1|m

]
+ JiBBHJHi ,

where Vi−1|m = E{[Ui−1|m − Ûi−1|m][µi−1|m − µ̂i−1|m]H}.
The dimension of matrix C̃−1

i|m + JHi Γ̂′
i|mJi, which requires

inversion, is still ntnr×ntnr. Although the recursive process
is similar to the traditional (or Kalman) smoothing, the main
difference is that a synthetic approach is used to average
over the a posterior probabilities of {sm}. Therefore, the
recursive EM algorithm can be viewed as a Kalman smoothing
algorithm with soft decision feedback. Due to the interleaver
between the outer channel encoder and the OFDM symbol
mapper, soft decision feedback occurred at the end of the
outer soft decoding of the entire data burst. That is, we use the
wholeM blocks as the incomplete data, and the subscriptm in
the above algorithm should change to M − 1. The covariance
estimator can be approximated by

Ĉ|M−1 =
1
M

M−1∑
i=0

[yi − D̂iĥi][yi − D̂iĥi]H , (22)

where D̂i = E{D(si)|YM−1,Θ
(l−1)
i|M−1}, and the initial value of

ĥi is the sequential MMSE estimate obtained by the Kalman
filter using pilot tones and updated based on the previous
estimate. If we assume perfect PO/CFO compensation, the
statistics of nm in (8) is equal to wm in (1) because of the
unitary property of DFT matrix W. Thus, if the noise level is
already known at the receiver, the synthetic system (17) can be
further simplified and the noise update in (22) can be omitted.

D. Summary of Proposed Algorithm

The proposed algorithm can be summarized as follows.
1) Initial estimates by pilots tones:

ĥm = Kalman filter{Ypm,Spm}. (23)

2) Soft MIMO demodulation by LSD:

{λ[b]} = LSD{Ym, {hm}} (24)

3) Soft decoding by SISO outer code decoder:

{λ[d]} = SISO/BCJR{{λ[b]}}. (25)

4) Start iteration and form synthetic system (17).
5) Refine channel estimates by EM, or equivalent soft

decision directed Kalman smoothing (19).
6) Repeat 2).

V. SIMULATION RESULTS

We consider a bit-interleaved MIMO-OFDM system em-
ploying N = 64 subcarriers with nt = 2 and nr = 2 antennas
and operating in the 5GHz frequency band. The channel
response of each transmit/receive antenna pair has L = 4
paths and each is generated according to Jakes’ model with

normalized Doppler fading rate 0.04. The channel coefficients
are modeled as independent complex-valued Gaussian random
variables with zero-mean and an exponential power delay
profile. It is assumed that the instability of the transmit/receive
oscillators results in normalized CFO=0.01 within a subcarrier
and PO=0.05. We use Np = 50 particles to approximate the
joint distribution of PO/CFO and channel taps in the training
mode.

Fig. 2 and Fig. 3 show the mean square error (MSE) of the
frequency and the phase offset estimates as a function of the
SNR value in the training mode, respectively. Fig. 4 depicts
the behavior of the steady-state MSE of channel taps estimates
obtained by EM/SD in the data mode after compensating
PO and CFO. Since the MSE values of channel taps are
usually larger then those of PO and CFO, it is worthwhile to
trade the complexity of marginalization for the performance
enhancement by RBPF.
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Fig. 2. The MSE of the CFO estimate as a function of SNR.
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Fig. 3. The MSE of the PO estimate as a function of SNR.

In Fig. 5, we compare the performance of three different
schemes: the Kalman filtering with the hard decision feed-
back (Kalman/HD), the data-centric MAP-EM receiver (MAP-
EM/SD) [20] and the proposed algorithm (EM/(Kalman)/SD).
Both soft decoding schemes outperform the hard decision
feedback scheme by a gain of 3dB at the BER rate of
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Fig. 4. The MSE of the EM/SD channel estimate as a function of SNR.

10−2. The performance of the proposed algorithm is slightly
better than the data-centric MAP-EM scheme due to the time
correlation of the channel variation being exploited in the soft-
decision Kalman filtering scheme.
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Fig. 5. The bit error rate (BER) performance comparison of three schemes.

VI. CONCLUSION

A solution to joint channel tracking and symbol detection
for bit-interleaved MIMO-OFDM systems was examined. In
the training mode, the RBPF scheme was used to estimate the
PO and the CFO. In the data mode, we applied a recursive
EM procedure in conjunction with soft decoding for joint
minimum mean squared error (MMSE) channel estimation and
the maximum a posterior (MAP) probability symbol detection.
Simulation results showed that the proposed algorithm have
robust performance in the presence of PO/CFO over time-
varying channels.
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