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Abstract—In this paper, we propose a cooperative particle swarm optimization (CPSO) based channel estimation/equalization scheme for multiple-input multiple-output zeropadded single-carrier (MIMO-ZPSC) systems with large dimensions in frequency selective channels. We estimate the channel
state information at the receiver in time domain using a PSO
based algorithm during training phase. Using the estimated
channel, we perform information symbol detection in the frequency domain using FFT based processing. For this detection,
we use a low complexity OLA (OverLap Add) likelihood ascent
search equalizer which uses minimum mean square (MMSE)
equalizer solution as the initial solution. Multiple iterations
between channel estimation and data detection are carried out
which significantly improves the mean square error and bit error
rate performance of the receiver.
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I. I NTRODUCTION
In wireless communications, signaling in large dimensions
can offer attractive benefits. For example, signaling in large
spatial dimensions using increased number of antennas can
offer increased spectral efficiencies [1]. Likewise, increased
processing gains (large dimensions in time) in code division
multiple access can increase the number of simultaneous
users in the system [2]. Also, severely delay-spread intersymbol interference (ISI) channels with large number of multipaths (e.g., ultrawideband channels [3], underwater acoustic
channels [4]) can offer rich diversity opportunities. In such
channels, multipath diversity can be achieved by transmitting
data in frames where each frame consists of 𝐾 channel
uses (i.e., 𝐾 dimensions in time, 𝐾 > 𝐿 where 𝐿 is the
number of multipaths), and carrying out equalization jointly
over the entire frame of data. Our interest in this paper is
on receiver techniques (channel estimation/equalization) suited
for MIMO-ISI channels with large dimensions (i.e., large 𝐾𝑛𝑡 ,
where 𝑛𝑡 is the number of transmit antennas).
Single carrier (SC) block transmission schemes are considered as good alternatives to address the peak-to-average power
ratio (PAPR) issue that arises in multicarrier systems [5]- [12].
Two types of single carrier schemes, namely, zero padded SC
(ZPSC) and cyclic prefixed SC (CPSC) schemes, are common.
ZPSC scheme is shown to perform better than CPSC scheme
under linear equalization like zero forcing (ZF) and minimum
mean square error (MMSE) equalization [9]. Zero padding
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has other advantages of power efficiency and guaranteed
symbol recovery in the presence of channel nulls and hence
improved performance [13], [7]. In [14], the optimal training
sequence that minimizes the channel estimation mean square
error (MSE) of the linear channel estimator is shown to be
of length 𝑛𝑡 𝐿 per transmit antenna. Blind/semi-blind channel
estimation methods can be considered, but they require long
data samples and the complexity is high [15], [16]. In this
paper, we propose an iterative channel estimation/equalization
scheme for MIMO-ZPSC systems that scales well for large
dimensions while achieving better performance than linear
equalizers.
We adopt a new approach for channel estimation based on
particle swarm optimization (PSO) [17], [18]. For equalization/detection in frequency domain, we adopt a low complexity
local neighborhood search method, termed as likelihood ascent
search (LAS) [19], which gives near-optimal performance in
large dimensions. PSO is a population based stochastic optimization technique, originally used to model the sociological
behavior of animals like fish schooling, bird flocking, etc. [17].
It has been applied in many areas of optimization problems
because of its easy implementation and quick convergence
behavior. PSO has found good application in communication
problems as well, reported mainly for flat fading channels
[20]- [24]. Here, we propose a PSO based channel estimation
scheme for MIMO-ZPSC in frequency selective fading channels. In the proposed receiver, we use a modified version of
the PSO called cooperative PSO (CPSO) [25], which achieves
improved performance compared to the conventional PSO
algorithm, by using multiple swarms to optimize different
components of the solution vector in a cooperative manner.
Notation: Vectors and matrices are denoted by bold face
lowercase and bold face uppercase letters, respectively. [.]𝑇 ,
(.)𝐻 , ⊙, ⊗ denote transpose, Hermitian, element-by-element
product, and Kronecker product operators, respectively. I𝐾 ,
F𝐾 and 0𝑚×𝑛 denote 𝐾 × 𝐾 identity matrix, 𝐾 × 𝐾 normalized DFT matrix, and 𝑚 × 𝑛 matrix of zeros, respectively.
II. MIMO-ZPSC S YSTEM M ODEL
Consider a MIMO-ZPSC system with 𝑛𝑡 transmit antennas
and 𝑛𝑟 receive antennas. The channel between each pair of
transmit and receive antennas is assumed to be frequency
selective with L multipaths. Let ℎ(𝑗,𝑘) (𝑙) denote the channel
gain between 𝑘th transmit antenna and 𝑗th receive antenna on
the 𝑙th path, which is modeled as 𝒞𝒩 (0, 𝜎𝑙2 ). Transmission is
carried out in frames, where each frame consists of several

336

blocks as shown in Fig. 1. The channel is assumed to be
constant over one frame duration. Each frame consists of a
pilot block (PB) for the purpose of initial channel estimation,
followed by 𝑀 data blocks (DB). The pilot block consists
of 𝑛𝑡 𝐿 channel uses, where a 𝑛𝑡 -sized pilot symbol vector is
transmitted in each channel use using 𝑛𝑡 antennas. Each data
block consists of 𝐾 + 𝐿 channel uses, where 𝐾 information
symbol vectors followed by 𝐿 zero vectors (zero padding) each
of size 𝑛𝑡 are sent using 𝑛𝑡 antennas. With 𝑀 data blocks in
a frame, the number of channel uses in the data part of the
frame is 𝑀 (𝐾 + 𝐿). Taking both pilot and data channel uses
into account, the total number of channel uses per frame is
𝑛𝑡 𝐿+𝑀 (𝐾 +𝐿). Initial channel estimation is done during the
pilot phase using CPSO. Data blocks are detected using a lowcomplexity likelihood ascent search algorithm. The detected
data blocks are iteratively used to refine the channel estimates
using CPSO during data phase.
III. CPSO BASED C HANNEL E STIMATION IN P ILOT P HASE
Let b𝑘 = [𝑏𝑘 (0), 𝑏𝑘 (1), ⋅ ⋅ ⋅ , 𝑏𝑘 (𝑛𝑡 𝐿 − 1)] denote the pilot
symbol vector transmitted from antenna 𝑘 in 𝑛𝑡 𝐿 channel uses
in a frame (Fig. 1). We use the optimal training sequence in
[14] that minimizes the mean square error of the linear channel
estimator in MIMO-ZPSC, which is given by
b𝑘 = [0(𝑘−1)𝐿×1

𝑏

0((𝑛𝑡 −(𝑘−1))𝐿−1)×1 ].

(1)

Frame 1
1 Pilot
Block
PB

𝑦P𝑗 (𝑛) =

ℎ(𝑗,𝑘) (𝑙)𝑏𝑘 (𝑛 − 𝑙) + 𝑞P𝑗 (𝑛),

(2)

𝑘=1 𝑙=0

𝑗 = 1, 2 ⋅ ⋅ ⋅ , 𝑛𝑟 , 𝑛 = 0, 1, ⋅ ⋅ ⋅ , 𝑛𝑡 𝐿 − 1, where the subscript
P in 𝑦P𝑗 (𝑛) and 𝑞P𝑗 (𝑛) denotes pilot phase. {𝑞P𝑗 (𝑛)} are noise
samples modeled as i.i.d. 𝒞𝒩 (0, 𝜎 2 ). Writing (2) in matrix
notation after substituting (1), we get
yP𝑗 = BP h𝑗 + q𝑗P ,

𝑗 = 1, 2, ⋅ ⋅ ⋅ , 𝑛𝑟 ,

(3)

=

[𝑦P𝑗 (0), 𝑦P𝑗 (1), ⋅ ⋅ ⋅

, 𝑦P𝑗 (𝑛𝑡 𝐿

− 1)]𝑇 ,

DB− i

DB−M

Tx.ant. nt nt L pilot symbols

Tx.ant. nt K information symbols L zeros
1 Data Block

Fig. 1.

Frame structure for MIMO-ZPSC system.

A. CPSO Based Channel Estimation
PSO [17] involves a swarm of particles, where each particle
is associated with a position, velocity and cost. The algorithm
declares the position of the particle with the least cost observed
over a certain number of iterations as the solution to the
optimization problem. In our channel estimation problem,
the particles are randomly initialized in the search space of
dimension ℂ𝑛𝑡 𝐿 . During each iteration, the particles will move
with a velocity in the direction influenced by its own best
position (cognitive component) and global best position (social
component). Let
𝑚
𝑚
𝑚
𝑇
p𝑚
𝑡 = [𝑝𝑡 (1), 𝑝𝑡 (2), ⋅ ⋅ ⋅ , 𝑝𝑡 (𝑛𝑡 𝐿)] ,

v𝑡𝑚 = [𝑣𝑡𝑚 (1), 𝑣𝑡𝑚 (2), ⋅ ⋅ ⋅ , 𝑣𝑡𝑚 (𝑛𝑡 𝐿)]𝑇 ,

and

𝑚
𝑚
𝑚
𝑇
u𝑚
𝑡 = [𝑢𝑡 (1), 𝑢𝑡 (2), ⋅ ⋅ ⋅ , 𝑢𝑡 (𝑛𝑡 𝐿)]

denote be the position, velocity and individual best position of
the 𝑡th particle after 𝑚th iteration, respectively. Let g𝑚 be the
global best position of the entire swarm after 𝑚th iteration.
The position and velocity of a particle are updated according
to the following equations after every iteration:
𝑚
𝑚
𝑚
v𝑡𝑚+1 = 𝑐0 (v𝑡𝑚 + 𝑐1 r1 ⊙ (u𝑚
𝑡 − p𝑡 ) + 𝑐2 r2 ⊙ (g − p𝑡 )) ,
(4)

(5)

where 𝑐0 is the constriction factor, 𝑐1 , 𝑐2 are acceleration
coefficients, and r1 , r2 are random vectors whose entries are
uniformly distributed from (0, 1). The individual best position
of each particle and global best position of the entire swarm
are updated after each iteration as follows:

h(𝑗,𝑘) = [ℎ(𝑗,𝑘) (0), ℎ(𝑗,𝑘) (1), ⋅ ⋅ ⋅ , ℎ(𝑗,𝑘) (𝐿 − 1)]𝑇 ,
q𝑗P = [𝑞P𝑗 (0), 𝑞P𝑗 (1), ⋅ ⋅ ⋅ , 𝑞P𝑗 (𝑛𝑡 𝐿 − 1)]𝑇 ,

for each particle in the swarm
𝑚+1
) < 𝑓 (u𝑚
= p𝑚+1
if (𝑓 (p𝑚+1
𝑡
𝑡
𝑡 )) then u𝑡
𝑚+1
𝑚
𝑚+1
if (𝑓 (p𝑡 ) < 𝑓 (g )) then g
= p𝑚+1
𝑡
end for

BP = [Bp1 BP2 ⋅ ⋅ ⋅ BP𝑛𝑡 ],
𝑏I𝐿

DB−2

𝑚+1
= p𝑚
,
p𝑚+1
𝑡
𝑡 + v𝑡

h𝑗 = [(h(𝑗,1) )𝑇 , ⋅ ⋅ ⋅ , (h(𝑗,𝑘) )𝑇 , ⋅ ⋅ ⋅ , (h(𝑗,𝑛𝑡 ) )𝑇 ]𝑇 ,

BP𝑘 = [0𝐿×(𝑘−1)𝐿

DB−1

Tx.ant.1 K information symbols L zeros

where
yP𝑗

M Data Blocks

Tx.ant.1 nt L pilot symbols

Because of the zeros in the end, this training sequence decouples the pilot and data phases. The signal received at the 𝑗th
receive antenna during pilot phase at the 𝑛th channel use is
given by
𝑛𝑡 𝐿−1
∑
∑

Frame 2

0𝐿×(𝑛𝑡 −𝑘)𝐿 ]𝑇 .

From the signal observed at receive antenna 𝑗 from time 0 to
𝑛𝑡 𝐿 − 1 during pilot phase, we estimate the channel h𝑗 using
CPSO technique.

The cost function 𝑓 (.) for our channel estimation problem is
as defined in (6).
We divide the 𝑛𝑡 𝐿-sized search space dimension into a
number of smaller (𝑑-sized) sub-dimensions, such that there
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are 𝑁 = 𝑛𝑑𝑡 𝐿 sub-dimensions (swarms). For each swarm, we
apply the PSO algorithm cooperatively [25]. For our channel
estimation problem, the cost function for a given position
vector p is given by
𝑓 (p) = ∥yP − BP p∥22 .

(6)

To calculate the cost for all the particles in a swarm, the other
components in the possible solution vector are kept constant,
with their values set to the global best position from the other
swarms. That is, to calculate the cost of 𝑡th particle from 𝑖th
swarm during (𝑚 + 1)th iteration, we put
𝑚 𝑇
𝑇
𝑚 𝑇
𝑚 𝑇 𝑇
) , (p𝑚
p = [(g1𝑚 )𝑇 , ⋅ ⋅ ⋅ , (g𝑖−1
𝑖,𝑡 ) , (g𝑖+1 ) , ⋅ ⋅ ⋅ , (g𝑁 ) ]

in (6), where g𝑖𝑚 is the global best position for the 𝑖th swarm
after 𝑚th iteration, and p𝑚
𝑖,𝑡 is the position of the 𝑡th particle
from 𝑖th swarm after 𝑚th iteration. For each swarm, we
obtain the global best position and update the position and
velocity of the particles of that swarm using (4) and (5).
This is repeated for all swarms for certain 𝑀 𝐴𝑋 number
of iterations. The global best position at the end of 𝑀 𝐴𝑋
iterations, g𝑀 𝐴𝑋 , is declared as the estimated channel vector.
The above procedure is run 𝑛𝑟 times to obtain the channel
estimates ĥ𝑗 , 𝑗=1, 2, ⋅ ⋅ ⋅ , 𝑛𝑟 , which are used in the detection
of information symbols in the data phase.

[(q1𝑖 )𝑇 , (q2𝑖 )𝑇 , ⋅ ⋅ ⋅ , (q𝑛𝑖 𝑟 )𝑇 ]𝑇 , and
⎡
H1,2 ⋅ ⋅ ⋅
H1,1
⎢ H2,1
H2,2 ⋅ ⋅ ⋅
⎢
H=⎢
..
..
⎣
.
.
H𝑛𝑟 ,1

ℎ(𝑗,𝑘) (𝑙)𝑎𝑘𝑖 (𝑛 − 𝑙) + 𝑞𝑖𝑗 (𝑛),

(7)

𝑘=1 𝑙=0

𝑗 = 1, 2 ⋅ ⋅ ⋅ , 𝑛𝑟 , 𝑛 = 0, 1, ⋅ ⋅ ⋅ , 𝐾 + 𝐿 − 1, where 𝑞𝑖𝑗 (𝑛) is the
noise sample modeled as i.i.d. 𝒞𝒩 (0, 𝜎 2 ).
Now define the following vectors and matrices:
△
y𝑖𝑗
=
[𝑦𝑖𝑗 (0), 𝑦𝑖𝑗 (1), ⋅ ⋅ ⋅ , 𝑦𝑖𝑗 (𝐾 + 𝐿 − 1)]𝑇 ,
△
=
[𝑞𝑖𝑗 (0), 𝑞𝑖𝑗 (1), ⋅ ⋅ ⋅ , 𝑞𝑖𝑗 (𝐾 + 𝐿 − 1)]𝑇 ,
q𝑗𝑖
△
x𝑘𝑖 = [𝑎𝑘𝑖 (0), 𝑎𝑘𝑖 (1), ⋅ ⋅ ⋅ , 𝑎𝑘𝑖 (𝐾 − 1)]𝑇 , and H𝑗,𝑘 as a
(𝐾 + 𝐿) × 𝐾 Toeplitz matrix with [ℎ(𝑗,𝑘) (0), 0, ⋅ ⋅ ⋅ , 0] as the
first row and [ℎ(𝑗,𝑘) (0), ℎ(𝑗,𝑘) (1), ⋅ ⋅ ⋅ , ℎ(𝑗,𝑘) (𝐿−1), 0, ⋅ ⋅ ⋅ , 0]𝑇
as the first column. With these definitions, (7) can be written
in the form
y𝑖𝑗 =

𝑛𝑡
∑

H𝑗,𝑘 x𝑘𝑖 + q𝑗𝑖 ,

𝑗 = 1, 2, ⋅ ⋅ ⋅ , 𝑛𝑟 .

(8)

𝑘=1

where
x𝑖

=

y𝑖

𝑖 = 1, 2, ⋅ ⋅ ⋅ , 𝑀,

=
[(y𝑖1 )𝑇 , (y𝑖2 )𝑇 , ⋅ ⋅ ⋅
1 𝑇
2 𝑇
[(x𝑖 ) , (x𝑖 ) , ⋅ ⋅ ⋅ , (x𝑛𝑖 𝑡 )𝑇 ]𝑇 ,

H𝑛𝑟 ,𝑛𝑡

A. Equalization Using OLA Based LAS Method
We can recover the information symbols directly from (9),
using ZF equalizer or MMSE equalizer. But the complexity
will be high due to large matrix inversion. Here, we will use
a low-complexity equalizer using overlap-add (OLA) signal
model [13]. The main idea behind OLA method is to convert
the Toeplitz matrix into a circulant matrix so that we can
block diagonalize H and do FFT based processing, which will
reduce complexity.
△
Define a matrix G = [I𝐾 Ĩ𝐾×𝐿 ], where Ĩ𝐾×𝐿 is the
matrix with the first 𝐿 columns of I𝐾 . Now multiplying (8)
by G, we get
𝑛𝑡
∑

ỹ𝑖𝑗 = Gy𝑖𝑗 =

𝑘=1
𝑛𝑡
∑

=

GH𝑗,𝑘 x𝑘𝑖 + Gq𝑗𝑖
H̃𝑗,𝑘 x𝑘𝑖 + q̃𝑗𝑖 ,

𝑗 = 1, 2, ⋅ ⋅ ⋅ , 𝑛𝑟 , (10)

△

where H̃𝑗,𝑘 = GH𝑗,𝑘 is a circulant matrix with
[ℎ(𝑗,𝑘) (0), ℎ(𝑗,𝑘) (1), ⋅ ⋅ ⋅ , ℎ(𝑗,𝑘) (𝐿 − 1), 0, ⋅ ⋅ ⋅ , 0]𝑇 as the first
△
column, and q̃𝑗𝑖 = Gq𝑗𝑖 . The circulant matrix H̃𝑗,𝑘 can be
decomposed as
𝑗,𝑘
F𝐾 ,
(11)
H̃𝑗,𝑘 = F𝐻
𝐾D
where F𝐾 is 𝐾 × 𝐾 DFT matrix, and D𝑗,𝑘 is a diagonal
matrix with its diagonal elements to be the DFT of the vector
[ℎ(𝑗,𝑘) (0), ℎ(𝑗,𝑘) (1), ⋅ ⋅ ⋅ , ℎ(𝑗,𝑘) (𝐿−1), 0, ⋅ ⋅ ⋅ , 0]𝑇 . Now taking
the DFT of ỹ𝑖𝑗 in (10), we get
z𝑗𝑖 = F𝐾 ỹ𝑖𝑗 =

𝑛𝑡
∑

D𝑗,𝑘 b𝑘𝑖 + w𝑖𝑗 ,

𝑗 = 1, 2, ⋅ ⋅ ⋅ , 𝑛𝑟 , (12)

𝑘=1
△

where z𝑗𝑖 = [𝑧𝑖𝑗 (0), 𝑧𝑖𝑗 (1), ⋅ ⋅ ⋅ , 𝑧𝑖𝑗 (𝐾 − 1)]𝑇 , b𝑘𝑖 = F𝐾 x𝑘𝑖 =
△
[𝑏𝑘𝑖 (0), 𝑏𝑘𝑖 (1), ⋅ ⋅ ⋅ , 𝑏𝑘𝑖 (𝐾 − 1)]𝑇 , and w𝑖𝑗 = F𝐾 q̃𝑗𝑖 =
[𝑤𝑖𝑗 (0), 𝑤𝑖𝑗 (1), ⋅ ⋅ ⋅ , 𝑤𝑖𝑗 (𝐾 − 1)]𝑇 . w𝑖𝑗 is colored noise distributed as 𝒞𝒩 (0, K𝑐𝑜𝑣 ), where K𝑐𝑜𝑣 = 𝜎 2 (F𝐾 G)(F𝐾 G)𝐻 .
Now writing (12) in matrix form, we get
z𝑖 = Db𝑖 + w𝑖 ,

𝑖 = 1, 2, ⋅ ⋅ ⋅ , 𝑀,

=
[(z1𝑖 )𝑇 , (z2𝑖 )𝑇 , ⋅ ⋅ ⋅
where
z𝑖
1 𝑇
2 𝑇
=
[(b𝑖 ) , (b𝑖 ) , ⋅ ⋅ ⋅ , (b𝑛𝑖 𝑡 )𝑇 ]𝑇 ,
b𝑖
1 𝑇
2 𝑇
[(w𝑖 ) , (w𝑖 ) , ⋅ ⋅ ⋅ , (w𝑖𝑛𝑟 )𝑇 ]𝑇 , and
⎡

We can write (8) as
y𝑖 = Hx𝑖 + q𝑖 ,

⎥
⎥
⎥.
⎦

𝑘=1

In the data phase, let a𝑘𝑖 = [𝑎𝑘𝑖 (0), 𝑎𝑘𝑖 (1), ⋅ ⋅ ⋅ , 𝑎𝑘𝑖 (𝐾 +
𝐿 − 1)]𝑇 denote the data vector of size (𝐾 + 𝐿) × 1 with
𝐾 information symbols and 𝐿 zeros (to avoid inter-block
interference) transmitted from 𝑘th antenna during 𝑖th data
block, 𝑖 = 1, ⋅ ⋅ ⋅ , 𝑀 . The signal received at 𝑗th receive
antenna at 𝑛th channel use of 𝑖th data block is given by
𝑦𝑖𝑗 (𝑛) =

⎤

.

IV. I TERATIVE E QUALIZATION /C HANNEL E STIMATION

𝑛𝑡 𝐿−1
∑
∑

H𝑛𝑟 ,2 ⋅ ⋅ ⋅

H1,𝑛𝑡
H2,𝑛𝑡
..
.

(9)
, (y𝑖𝑛𝑟 )𝑇 ]𝑇 ,
q𝑖
=
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⎢
⎢
D=⎢
⎣

D1,1
D2,1
..
.

D𝑛𝑟 ,1

D1,2 ⋅ ⋅ ⋅
D2,2 ⋅ ⋅ ⋅
..
.

D𝑛𝑟 ,2 ⋅ ⋅ ⋅

D1,𝑛𝑡
D2,𝑛𝑡
..
.

D𝑛𝑟 ,𝑛𝑡

⎤

⎥
⎥
⎥.
⎦

(13)
, (z𝑛𝑖 𝑟 )𝑇 ]𝑇 ,

w𝑖

=

Rearranging the terms, we can also write (13) as
z̄𝑖 = D̄b̄𝑖 + w̄𝑖 ,

B. CPSO Aided Iterative Equalization/Channel Estimation in
Data Phase

𝑖 = 1, 2, ⋅ ⋅ ⋅ , 𝑀,

(14)

Consider (12), which can be rewritten as

where
⎡
⎢
⎢
⎢
z̄𝑖 = ⎢
⎢
⎢
⎣

z̄𝑖 (0)
..
.
z̄𝑖 (𝑚)
..
.

⎤
⎥
⎥
⎥
⎥,
⎥
⎥
⎦

⎡

z̄𝑖 (𝐾 − 1)

b̄𝑖 (𝑚)
..
.

⎢
D̄ = ⎣

D̄(0)
..
.
0

⋅⋅⋅
..
.
⋅⋅⋅

⎥
⎥
⎥
⎥,
⎥
⎥
⎦

⎤

⎢
0
⎢
⎢
⎥
..
⎢
=
,
w̄
⎦
𝑖
.
⎢
⎢
D̄(𝐾 − 1)
⎣

w̄𝑖 (0)
..
.
w̄𝑖 (𝑚)
..
.

⎤
⎥
⎥
⎥
⎥,
⎥
⎥
⎦

=
[𝑧𝑖1 (𝑚), 𝑧𝑖2 (𝑚), ⋅ ⋅ ⋅ , 𝑧𝑖𝑛𝑟 (𝑚)]𝑇 ,
z̄𝑖 (𝑚)
1
2
b̄𝑖 (𝑚)
=
[𝑏𝑖 (𝑚), 𝑏𝑖 (𝑚), ⋅ ⋅ ⋅ , 𝑏𝑛𝑖 𝑟 (𝑚)]𝑇 , w̄𝑖 (𝑚)
=
1
2
[𝑤𝑖 (𝑚), 𝑤𝑖 (𝑚), ⋅ ⋅ ⋅ , 𝑤𝑖𝑛𝑟 (𝑚)]𝑇 ,
⎡
⎤
D1,1 (𝑚)
D1,2 (𝑚) ⋅ ⋅ ⋅
D1,𝑛𝑡 (𝑚)
⎢ D2,1 (𝑚)
D2,2 (𝑚) ⋅ ⋅ ⋅
D2,𝑛𝑡 (𝑚) ⎥
⎢
⎥
D̄(𝑚) = ⎢
⎥.
..
..
..
⎣
⎦
.
.
.
D𝑛𝑟 ,2 (𝑚) ⋅ ⋅ ⋅

where D (𝑚) is the 𝑚th diagonal element of the ma△
trix D𝑗,𝑘 . Also, b̄𝑖 = F̄x̄𝑖 , where F̄ = F𝐾 ⊗ I𝑛𝑡 ,
𝑛
𝑛
x̄𝑖 = [𝑎1𝑖 (0) ⋅ ⋅ ⋅ 𝑎𝑖 𝑡 (0), ⋅ ⋅ ⋅ , 𝑎1𝑖 (𝑚) ⋅ ⋅ ⋅ 𝑎𝑖 𝑡 (𝑚), ⋅ ⋅ ⋅ , 𝑎1𝑖 (𝐾 −
1) ⋅ ⋅ ⋅ 𝑎𝑛𝑖 𝑡 (𝐾 − 1)]𝑇 . Now, we have

△

=

D̄F̄x̄𝑖 + w̄𝑖

=

H̄x̄𝑖 + w̄𝑖 ,

z𝑗𝑖

𝑖 = 1, 2, ⋅ ⋅ ⋅ , 𝑀,

(16)

(15)

where H̄ = D̄F̄.
For each 𝑖 in (15), we can obtain a ZF or MMSE equalized
solution for the information symbols of the 𝑖th block, whose
performance can be far from optimal. So, in order to improve
the performance beyond ZF/MMSE performance, we run a
low-complexity local neighborhood search using the likelihood
ascent search (LAS) method in [19], by starting the search with
ZF or MMSE equalizer output vector as the initial vector.
The LAS method improves over the ZF/MMSE equalizer
performance by reaching the local minima in the neighborhood
of the initial ZF/MMSE vector. When the problem dimension
is large, LAS method is shown to achieve near-maximum
likelihood (ML) performance. The output information symbol
vectors from the ZF/MMSE-initialized LAS equalizer are
denoted by x̂𝑘𝑖 , 𝑘 = 1, ⋅ ⋅ ⋅ , 𝑛𝑡 , 𝑖 = 1, ⋅ ⋅ ⋅ , 𝑀 . These
output vectors are used to improve the channel estimates
through iterations between equalization and channel estimation
as follows.

=

𝑛𝑡
∑

B𝑘𝑖 F̃𝐾×𝐿 h(𝑗,𝑘) + w𝑖𝑗 .

(17)

𝑘=1
△

Defining A𝑘𝑖 = B𝑘𝑖 F𝐾×𝐿 , we can write (17) as
z𝑗𝑖 = A𝑖 h𝑗 + w𝑖𝑗 ,

𝑖 = 1, ⋅ ⋅ ⋅ , 𝑀

(18)

where A𝑖 = [A1𝑖 A2𝑖 ⋅ ⋅ ⋅ A𝑛𝑖 𝑡 ]. We can write (18) as
z𝑗 = Ah𝑗 + w𝑗
where

⎡

⎤
⎡
z𝑗1
A1
⎢ .. ⎥
⎢ ..
⎢ . ⎥
⎢ .
⎢ 𝑗 ⎥
⎢
𝑗
⎢
⎥
z = ⎢ z2 ⎥ , A = ⎢
⎢ A2
⎢ . ⎥
⎢ ..
.
⎣ . ⎦
⎣ .
𝑗
A𝑀
z𝑀

D𝑛𝑟 ,𝑛𝑡 (𝑚)

𝑗,𝑘

z̄𝑖

𝑗 = 1, 2, ⋅ ⋅ ⋅ , 𝑛𝑟 ,

where B𝑘𝑖 = 𝑑𝑖𝑎𝑔(b𝑘𝑖 ), d𝑗,𝑘 is a vector consisting of diagonal
elements of matrix D𝑗,𝑘 , which is the 𝐾-point DFT of h(𝑗,𝑘)
(zero padded to length 𝐾), i.e., d𝑗,𝑘 = F̃𝐾×𝐿 h(𝑗,𝑘) , where
F̃𝐾×𝐿 is the matrix with the first 𝐿 columns of F𝐾 . Now,
(16) can be written as

w̄𝑖 (𝐾 − 1)

D𝑛𝑟 ,1 (𝑚)

B𝑘𝑖 d𝑗,𝑘 + w𝑖𝑗 ,

𝑘=1

b̄𝑖 (𝐾 − 1)
⎡

⎡

⎤

b̄𝑖 (0)
..
.

⎢
⎢
⎢
b̄𝑖 = ⎢
⎢
⎢
⎣

𝑛𝑡
∑

z𝑗𝑖 =

⎤

(19)
⎡

⎤
w1𝑗
⎢ .. ⎥
⎥
⎢ . ⎥
⎥
⎢
⎥
⎥
⎥ , w𝑗 = ⎢ w𝑗 ⎥ .
2 ⎥
⎢
⎥
⎢ . ⎥
⎥
⎣ .. ⎦
⎦
𝑗
w𝑀

Using the signal received at antenna 𝑗 from blocks 1 to
𝑀 in a frame (i.e., using z𝑗 ) and the matrix Â which is
formed by replacing the information symbols {x𝑘𝑖 } in A by the
detected information symbols {x̂𝑘𝑖 }, the channel coefficients
{h𝑗 } are estimated again using CPSO technique explained
in Section III. The cost function for this data-aided CPSO is
𝑓 (p) = ∥z𝑗 − Âp∥22 . This sequence of channel estimation and
equalization is carried out for a certain number of iterations.
V. R ESULTS AND D ISCUSSIONS
In this section, we present the MSE and BER performance
of the proposed receiver scheme obtained through simulations.
We also compare the MSE and BER performance of CPSO
based receiver with conventional PSO based receiver. The
power delay profile of channel is assumed to follow an
exponential model, i.e., 𝔼[∣ℎ(𝑗,𝑘) (𝑙)∣2 ] = exp(−𝛽𝑙), 𝑙 =
0, 1, ⋅ ⋅ ⋅ , 𝐿 − 1 and 𝛽 ≥ 0. BPSK and 4-QAM are used for
training symbols and information symbols, respectively. For
channel estimation during pilot phase, the parameters used
in the CPSO algorithm are: size of sub-dimension 𝑑 = 4,
number of particles per swarm is 10, constriction factor
𝑐0 = 0.73, acceleration coefficients 𝑐1 = 2.8, 𝑐2 = 1.3 [25],
[18], and maximum number of iterations 𝑀 𝐴𝑋 = 100. The
CPSO parameters for data aided channel estimation during
data phase are the same as above except that the maximum
number of iterations 𝑀 𝐴𝑋 is 50. For PSO, we use the same
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Fig. 2. MSE performance of CPSO/PSO channel estimation for different
number of iterations between channel estimation and detection for 𝑛𝑡 =
16, 𝑛𝑟 = 16, 𝛽 = 0, 𝐿 = 6, 𝐾 = 64, 𝑀 = 16.
0
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nt=16, nr=16, L=6, K=64, M=16, β=0, 4−QAM
−1
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parameters as that of CPSO except that 𝑁 = 1 always. For
data equalization, the LAS algorithm [19] applied in frequency
domain as described in Sec. III is used. MMSE solution vector
is used as the initial vector in the LAS algorithm.
In Fig. 2, we compare MSE of PSO and CPSO channel
estimation in a MIMO-ZPSC system with 𝑛𝑡 = 16, 𝑛𝑟 = 16,
𝐿 = 6, 𝛽 = 0, 𝐾 = 64, and 𝑀 = 16. The error is
averaged over 100 channel realizations for each SNR. The
‘Initial Channel Estimation’ plot corresponds to the estimation
during pilot phase. MSE plots for data-aided channel estimation with different number of iterations between channel
estimation and equalization are also plotted (for number of
iterations = 1, 2). It can be seen that iterations between estimation and equalization significantly reduces MSE with CPSO
channel estimation. Even one iteration brings in significant
improvement. However, such improvement does not happen
with PSO. Also, as expected, the improved MSE performance
using CPSO translates into improved BER performance of the
receiver. This is illustrated in Fig. 3, where we have plotted
the BER performance as a function of SNR for the same set
of system parameters in Fig. 2. Two equalizers are considered
for detection in the data phase: 𝑖) MMSE equalizer without
LAS search (designated as ‘MMSE detection’), and 𝑖𝑖) LAS
search based equalizer using MMSE output vector as the initial
vector (designated to as ‘MMSE-LAS equalizer’). From Fig.
3, we see that the data aided channel CPSO channel estimation
significantly improves the MMSE-LAS detection BER performance compared to channel estimation using pilot phase alone.
We also observe that BER performance with CPSO channel
estimation is close to the performance with perfect CSI at the
receiver. We can see that with PSO based channel estimation
there is no improvement in MSE and BER performance even
after iterating between detection and estimation. This is due
to the fact that PSO suffers from dimensionality problem,
whereas CPSO gains through cooperation among multiple
swarms.
In Fig. 4 and 5 we have plotted the MSE and BER performance
as a function of swarm size (𝑁 ) at a fixed SNR of 12 dB.
Swarm size 𝑁 = 1 corresponds to PSO. We can see that the
performance of receiver improves significantly upto certain
swarm size and there after the return diminishes.
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Fig. 3.
BER performance of the receiver for different number of iterations between CPSO/PSO channel estimation and LAS detection for
𝑛𝑡 = 16, 𝑛𝑟 = 16, 𝐿 = 6, 𝛽 = 0, 𝐾 = 64, 𝑀 = 16, 4-QAM.

VI. C ONCLUSIONS
We proposed a CPSO based receiver for MIMO-ZPSC systems. Both channel estimation and equalization in frequency
selective fading were carried out using heuristic based algorithms. Iterations between channel estimation and equalization
helped in improving the mean square error and bit error
performance of the receiver as shown in the simulations.
Simulation results also showed that the BER performance of
the receiver with estimated CSI is close to that with perfect
CSI.
R EFERENCES
[1] H. Bölcskei, D. Gesbert, C. B. Papadias, and Alle-Jan van der Veen,
Space-Time Wireless Systems: From Array Processing to MIMO Communications, Ed., Cambridge University Press, 2006.

340

[2] S. Verdu, Multiuser Detection, Cambridge University Press, 1998.
[3] A. F. Molisch, J. R. Foerster, M. Pendergrass, “Channel models for
ultrawideband personal area networks,” IEEE Wireless Commun., vol.
10, no. 6, pp. 14-21, December 2003.
[4] X. Geng and A. Zeilinksi, “An eigenpath underwater acoustic communication channel model,” Proc. MTS/IEEE OCEANS’95, pp. 1189-1196,
October 1995.
[5] H. Sari, G. Karam, and I. Jeanclaude, “Transmission techniques for
digital terrestrial TV broadcasting,” IEEE Commun. Mag., vol. 33, no.
2, pp. 100-109, February 1995.
[6] D. Falconer, S. L. Ariyavisitakul, A. Benyamin-Seeyar, and B. Eidson,
“Frequency domain equalization for single-carrier broadband wireless
systems,” IEEE Commun. Mag., pp. 58-66, April 2002.
[7] Z. Wang, X. Ma, and G. B. Giannakis, “Optimality of single-carrier
zero-padded block transmissions,” Proc. IEEE WCNC’2002, vol. 2, pp.
660-664, March 2002.
[8] Z. Wang, X. Ma, and G. B. Giannakis, “OFDM or single-carrier zero-

0

10

[15]

No. of iterations between detection and estimation=0
No. of iterations between detection and estimation=1

[16]

No. of terations between detection and estimation=2
Mean Square Error

−1

10

[17]
n =16, n =16, L=6, K=64, M=16, β=0
t

[18]

r

−2

10

[19]

[20]
−3

10

10

20

30

40
50
60
Number of swarms (N)

70

80

90

[21]

Fig. 4. Mean square error of iterative CPSO channel estimation as a function
of number of swarms 𝑁 for 𝑛𝑡 = 16, 𝑛𝑟 = 16, 𝐿 = 6, 𝛽 = 0, 𝐾 =
64, 𝑀 = 16 and SNR = 12 dB.

[22]

0

10

[23]
No. of iterations between detection and estimation=0
No. of iterations between detection and estimation=1

−1

Bit Error Rate

[24]

No. of iterations between detection and estimation=2

10

[25]
−2

10

nt=16, nr=16, L=6, K=64, M=16, β=0, 4−QAM

−3

10

−4

10

10

20

30

40
50
60
Number of swarms (N)

70

80

90

Fig. 5. Bit error rate of receiver as a function of number of swarms 𝑁 for
𝑛𝑡 = 16, 𝑛𝑟 = 16, 𝐿 = 6, 𝛽 = 0, 𝐾 = 64, 𝑀 = 16, 4-QAM and SNR =
12 dB.

[9]
[10]
[11]
[12]
[13]
[14]

padded block transmissions”, IEEE Trans. Commun., vol. 52, no. 3, pp.
380-394, March 2004.
S. Ohno, “Performance of single-carrier block transmissions over multipath fading channels with linear equalization,” IEEE Trans. Signal
Process., vol. 54, no. 10, pp. 3678-3687, October 2006.
T. Bianchi and F. Argenti, “SVD-based techniques for zero-padded block
transmission over fading channels,” IEEE Trans. Signal Process., vol.
55, no. 2, pp. 594-604, February 2007.
B. Devillers, J. Louveaux, and L. Vandendorpe, “About the diversity in
cyclic prefixed single-carrier systems,” Physical Communications, vol.
1, no. 4, pp. 266-276, December 2008.
W. Wen, M. Xia, and Y-C. Wu, “Low complexity pre-equalization
algorithms for zero-padded block transmission,” IEEE Trans. Wireless
Commun., vol. 9, no. 8, pp. 2498-2504, August 2010.
B. Muquet, Z. Wang, G. B. Giannakis, M. de Courville, and P. Duhamel,
“Cyclic prefix or zero padding for wireless multicarrier transmission?”,
IEEE Trans. Commun., vol. 50, no. 12, pp. 2136-2148, December 2002.
X. Ma, L. Yang, and G. B. Giannakis, “Optimal training for MIMO

341

frequency-selective fading channels,” IEEE Trans. Wireless Commun.,
vol. 4, pp. 453-466, March 2005.
Y. S. Chen and C. A. Lin, “Blind-channel identification for MIMO
single-carrier zero-padding block-transmission systems,” IEEE Trans.
Circuits and Systems, vol. 55, no. 6, pp. 1571-1579, July 2008.
Y. S. Chen, “Semiblind channel estimation for MIMO single carrier
with frequency-domain equalization systems,” IEEE Trans. Veh. Tech.,
vol. 59, no. 10, pp. 53-63, January 2010.
J. Kennedy and R. Eberhart, “Particle swarm optimization,” Proc. IEEE
Int. Conf. on Neural Networks, pp. 1942-1948, 1995.
A. Ratnaweera, S. K. Halgamuge, and H. C. Watson, “Self-organizing
hierarchical particle swarm optimizer with time-varying acceleration
coefficients,” IEEE Trans. Evol. Computation, vol. 8, no. 3, pp. 240255, June 2004.
S. K. Mohammed, A. Zaki, A. Chockalingam, and B. S. Rajan, “Highrate space-time coded large-MIMO systems: Low-complexity detection
and channel estimation,” IEEE Jl. Sel. Topics in Signal Process. (JSTSP):
Spl. Iss. on Managing Complexity in Multiuser MIMO Systems, vol. 3,
no. 6, pp. 958-974, December 2009.
K. K. Soo, Y. M. Siu, W. S. Chan, L. Yang, and R. S. Chen, “Particleswarm-optimization-based multiuser detector for CDMA communications,” IEEE Trans. Veh. Tech., vol. 56, no. 5, pp. 3006-3013, May 2007.
H. Liu and J. Li, “A particle swarm optimization-based multiuser detection for receive diversity-aided STBC systems,” IEEE Signal Process.
Letters, vol. 15, pp. 29-32, 2008.
H. R. Palally, S. Chen, W. Yao, and L. Hanzo, “Particle swarm optimization aided semi-blinded joint maximum likelihood channel estimation
and data detection for MIMO systems,” IEEE/SP 15th Workshop on
Stat. Signal Process., August-September 2009.
S. Chen, W. Yao, H. R. Palally, and L. Hanzo, “Particle swarm
optimization aided MIMO transceiver designs,” Book Chapter, Y. Tenne
and C.-K. Goh (Eds.): Computational Intel. in Expensive Opti. Prob.,
ALO 2, pp. 487-511. Springer-Verlag, 2010.
C. Knievel, M. Noemm and P. A. Hoeher, “Low complexity receiver
for large-MIMO space time coded systems,” Proc. IEEE Vehicular
Technology Conference (VTC fall), September 2011.
F. van den Bergh and A. Engelbrecht, “A cooperative approach to particle
swarm optimization,” IEEE Trans. Evol. Comput., vol. 8, no. 3, pp. 225239, June 2004.

