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With the increasing demand for ubiquitous multimedia
services, next-generation cellular systems are expected to
provide higher data rates and robustness to the changing
wireless environment. As a fundamental part of any cellular
system, an antenna plays a primary role and its performance
is directly related to the quality of communication signal.
However, the overall system performance is determined by
the total performance of each component, such as antenna
and baseband units.erefore, it is critical to consider overall
system design to satisfy the increasing demand for next-
generation cellular systems. To this end, the antenna not only
requires high-gain and high-efficiency antenna elements,
but also operates effectively as an antenna system together
with the baseband signal processing. us, this special
issue includes papers related to antenna design and system
technologies for next-generation cellular systems, where
“antenna design” and “antenna system” as well as their joint
design are investigated.Wewould like to thank all the authors
for their excellent contributions.We also grateful to acknowl-
edge the reviewers for their careful examination of the papers
and for the constructive comments they have provided.

is special issue contains eleven papers, where three
papers are related to transmit antenna design and two
papers investigate the receiver design. Two papers address the

interferencemitigation, and two papers study the cooperative
network. Finally, two papers cover the channel estimation
techniques.

In the paper entitled “Re�nement method for weighting
scheme of fully spatial beamformer,” Ch. Bunsanit et al. present
a concept to reduce the range of weighting coefficients; hence
the hardware realization becomes practical. In this paper, a
full prototype of wideband spatial beamformer is constructed
to re�ect the true beamforming performance of the proposed
re�nement method. Its radiation patterns obtained from
simulation and measurement are compared. As a result, the
attenuation or ampli�cation range is reduced, while some
radiation characteristic is remained.

In the paper entitled “Superimposed training-based chan-
nel estimation for MIMO relay networks,” X. Xu et al. apply
the superimposed training strategy into the multiple-input
multiple-output (MIMO) amplify-and-forward (AF) one-
way relay network (OWRN) to perform the individual chan-
nel estimation at the destination. rough superposition of a
group of training vectors at the relay under power allocation,
estimates of the source-relay and relay-destination channels
can be obtained directly at the destination. e closed-form
Bayesian Cramér-Rao lower bound (CRLB) is derived and
used to guide the design of optimal training vectors. e
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simulation results have been provided to verify the Bayesian
CRLB results by the normalized mean-square error (NMSE)
performance of a suboptimal channel estimator to verify the
Bayesian CRLB result.

In the paper entitled “Efficient capacity-based joint quan-
tized precoding and transmit antenna selection using cross-
entropy method for multiuser MIMO systems,” J.-C. Chen
et al. present a cross-entropy-based scheme that realizes
the joint precoding and transmit antenna selection in the
downlink of MU-MIMO systems with limited feedback to
reduce the interference effectively and lower the required RF
chains. With the aid of the cross-entropy method, the large
amount of search required can be successfully reduced. e
simulations demonstrate that the proposed cross-entropy
method not only provides better capacity performance but
also enjoys complexity advantages compared with the con-
ventional genetic algorithm method.

In the paper entitled “Joint frequency and 2D-DOA
estimation for L-shaped array using iterative least squares
method,” L.-Y. Xu et al. propose an iterative least squares
method for estimating the 2D-DOA and frequency based
on L-shaped array. Without spectral peak searching and
pairing, this algorithm works well. In addition, the proposed
algorithm has much better 2D-DOA and frequency estima-
tion performance than conventional ESPRIT algorithm and
propagator method, and it has a very close 2D-DOA and
frequency estimation performance to MUSIC algorithm.

In the paper entitled “Partial PIC-MRC receiver design
for single carrier block transmission system over multipath
fading channels,” J.-H. Deng and Sh.-Y. Huang present a low
complexity partial parallel interference cancellation (PIC)
with maximum ratio combining (MRC) technology for
receiver design to combat the intercarrier interference (ICI)
problem over multipath fading channel. With the aid of MRC
scheme, the proposed partial PIC technique can effectively
perform the interference cancellation and acquire the bene�t
of frequency diversity gain. Finally, the proposed system
can be extended to use for the single-input multiple-output
(SIMO) system to provide excellent performance. Simulation
results reveal that the proposed low complexity partial PIC-
MRC SIMO system can provide robust performance and
outperform the conventional PIC and the iterative frequency
domain decision feedback equalizer (FD-DFE) systems over
multipath fading channel environment.

In the paper entitled “Layered capacity-based relay-and-
antenna joint selection for MIMOAFmultiple-relay systems in
correlated channels,” C.-C. Hu et al. present computationally
efficient two-stage greedy capacity maximization (GCM)
relay-and-antenna joint selection for a dual-hop AF-MIMO
multiple-relay system over correlated fading channels. From
simulation results, it is obvious that a considerable reduction
in system hardware cost and signal processing complexity is
achieved by the proposed scheme. In addition, the modi�ed
GCM method provides similar capacity performance to the
GCM scheme and achieves better capacity performance than
those of the conventional techniques.

In the paper entitled “Antenna array design for LOS-
MIMO and gigabit ethernet switch-based Gbps radio system,”
Ch. Zhou et al. address issues in antenna array design in

the line-of-sight (LOS) environments, where antennas are
usually highly correlated and hence MIMO capacity gain
cannot be achieved. With the objective of achieving full mul-
tiplexing gain, an antenna array design rule is analyzed and
proposed to guarantee full multiplexing gain for LOS-MIMO
systems, for both one-dimensional and two-dimensional
antenna arrays. e proposed design rule relaxes the strict
perpendicular constraint in the two-dimensional case. Based
on the proposed design rule, the minimum antenna array
area and the performance sensitivity to the area error are
obtained for practical system design. A demoMIMO-OFDM
system at 15GHz carrier frequency is then implemented
demonstrating higher than 15 bps/Hz spectrum efficiency.

In the paper titled “Improved sparse channel estimation for
cooperative communication systems,” G. Gui et al. consider
the amplify-and-forward (AF) cooperative communication
system (CCS), which is implemented by two time slots: in
the �rst slot, signal is broadcasted from source S to relay R
and destination D, and in the second slot, only the ampli�ed
signal is forwarded D. Both cascaded channel (S ⇒ R ⇒
D) and direct channel (S ⇒ D) are acquired at the D. e
cooperative channel consists of two parts: sparse channel
(S⇒ D) and dense one (S ⇒ R ⇒ D). Based on the partial
sparse assumption of the cooperative channel model, an
improved channel estimation method is proposed with par-
tial sparse constraint. By using sparse decomposition theory,
channel estimation is �rst formulated as a compressive sens-
ing problem. e cooperative channel is then reconstructed
by least absolute shrinkage and selection operator (LASSO)
with partial sparse constraint. Numerical simulation results
con�rm the superiority of proposed methods over global
sparse channel estimation methods.

In the paper entitled “Interference mitigation framework
for cellular mobile radio networks,” W. Mennerich et al.
present a framework for interference mitigation in cellular
mobile radio networks. Based on analysis of interference con-
ditions, scheduling effects, and so forth, different concepts are
considered, for example, joint transmission (JT) coordinated
multipoint (CoMP), interference rejection combining (IRC),
multiuser MIMO (MU-MIMO), interference �oor shaping,
wideband beamforming, antenna tilting, power adaptation,
clustering, user grouping, effective precoding, per cell and per
cooperation area scheduling, and so on. Simulation results
show 2.4-times higher spectral efficiency by the proposed
framework over MU-MIMO and 1.8 times higher than JT-
CoMP. e simulation results are also veri�ed with those
from the test bed based in Technical University of Dresden,
con�rming the viability of the proposed framework in real
systems.

In the paper entitled “A multistage decision-feedback
receiver design for LTE uplink in mobile time-variant environ-
ments,” J.-H. Deng and Sh.-M. propose amultistage decision-
feedback structure to mitigate the ICI effect and enhance sys-
tem performance in time-variant environments. Based on the
block-type pilot arrangement of the LTE uplink type 1 frame
structure, the time domain least square (TDLS) method and
polynomial-based curve-�tting algorithm are employed for
channel estimation. Instead of using a conventional equalizer,
this work uses a group frequency domain equalizer (GFDE)



International Journal of Antennas and Propagation 3

to reduce computational complexity. Furthermore, this work
utilizes a dual iterative structure of group parallel interference
cancellation (GPIC) and frequency-domain group parallel
interference cancellation (FPIC) to mitigate the ICI effect.
Finally, to optimize system performance, this work applies
a novel error-correction scheme. Simulation results demon-
strate that the bit error rate (BER) performance is markedly
superior to that of the conventional full-size receiver based
on minimum mean square error (MMSE). is structure
performs well and is a �exible choice inmobile environments
using the SC-FDMA scheme.

In the paper entitled “Interference-based decode and
forward scheme using relay nodes in heterogeneous networks,”
K. Nishimori et al. present a scheme that aims to reduce
the interference from the pico BS to the macro UE in the
LTE setup. e system is designed to use a relay station to
help detect the interference signal from the pico BS �rst and
then forwards it to the macro UE to conduct interference
cancellation. is can obtain better performance for the
signal detection at the macro UE.

Chih-Peng Li
Sumei Sun

Ding-Bing Lin
Jung-Chieh Chen

Qiang Chen
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For today’s cellular mobile communication networks, the needed capacity is hard to realize without much more of (expensive)
bandwidth. Thus new standards like LTE were developed. LTE advanced is in discussion as the successor of LTE and cooperative
multipoint transmission (CoMP) is one of the hot topics to increase the system’s capacity. System simulations often show only weak
gains of the signal-to-interference ratio due to high interference from noncooperating cells in the downlink. This paper presents
an interference mitigation framework to overcome the hardest issue, that is, the low penetration rate of mobile stations that can be
served from a cluster composed of their strongest cells in the network.The results obtained from simulation tools are discussed with
values resulting from testbed on the TUDresden.They show that the theoretical ideas can be transferred into gains on real systems.

1. Introduction

From the beginning of mobile radio communication there is
a constant effort to reduce intercell interference to an accept-
able level. Since the success of the worldwide deployedGlobal
System Mobile (GSM) [1] the enormous increased number
of users together with over proportionally increasing traffic
demands have put this topic into the main focus of research.

Wireless transmitters generally spread power over large
areas, and at very low frequencies even worldwide communi-
cation is possible [2]. In current cellular deployments, carrier
frequencies ranging from a few hundredMHz to several GHz
are being used. At these frequency bands, the radiation of a
single cell will typically cover smaller areas, but cell diameters
of 100 km and more are still possible in rural areas. In urban
areas intersite distance (ISD) of few 100m to few km are quite
common, leading to a so-called interference limited scenario,
where the achievable performance is mainly bounded by the
intercell interference (ICI) and not the receiver noise [3].

Interference power decreases with distance, which in the
beginning of cellular communications has been the main
means for overcoming intercell interference, leading to the

well-known frequency reuse concept. Important enhance-
ments were the introduction of frequency reuse 1 systems
by code division multiple access (CDMA) in the so-called
3rd generation of mobile systems. On the downside the
performance of this scheme suffers from the near far effect
and a variable soft capacity of the system [4].

In the standardization of the current 3GPP standard
named LTE, CDMAwas replaced in the downlink by orthog-
onal frequency division multiple access (OFDMA), being
again a frequency reuse 1 system, but providing additionally
multiuser scheduling gains by fast adaptation to frequency
selective channel conditions [5]. This concept allows also fast
adaptation to interference conditions and thereby approaches
the performance of the so-called inter-cell interference coor-
dination (ICIC) schemes. ICIC harmonizes resources usage
between cell edge and cell centre users over neighbouring
cells [6] depending on their mutual interference. Note ICIC
has generated also a lot of interest under the name of frac-
tional frequency partitioning (FFP) with a different power
allocation for cell center and cell edge users on different
frequency subbands.
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In long-term evolution (LTE) Release 10 and now 11
there is a lot of discussions about the so-called enhanced
ICIC (eICIC) schemes in the context of heterogeneous net-
works comprising pico- andmacro- or femto- andmacro-sta-
tions. By transmitting the so-called almost blank subframes
(ABS)—almost blank because the common reference signals
(CRS) have to be transmitted continuously for backward
compatibility—in time domain subframes with different level
of interference are generated, providing some options for
enhanced scheduling.

In 2000, Baier et al. [7] proposed the idea of cooperative
transmission systems—also known as networkmultiple input
multiple output (MIMO) or for example in 3rd genera-
tion partnership project (3GPP) as cooperative multi point
transmission (CoMP). This is a much more fundamental
solution, partly being inspired from the research in the area
of MIMO systems. Many groups predicted large theoretical
performance gains with spectral efficiencies being several
factors higher than that of conventionalmobile radio systems.
For example for 2 and 4 antennas per cell (BS) and mobile
station (MS) 10th of bits/s/Hz/cell have been promised at
signal to noise and interference ratios (SINRs) of less than 10
to 20 dB [8–10].

Common to all these approaches is that a network
wide precoder over all cells including all MSs is assumed,
which eliminates any interference after proper precoding. In
practical mobile radio systems, network wide precoding is
unrealistic as networks might span a whole city or even a
whole country. Neither an according backhaul network can
be implemented, nor channel estimation as well as the report-
ing of all channel components is feasible. For that reason it
is necessary to partition the network into so-called coop-
eration areas (CAs) connecting a limited number of cells.
Unfortunately, this step turns the interference free system
back into an interference limited one, because of the remain-
ing intercooperation area interference. For quite sometime
a lot of research concentrated on the area of clustering [11],
applying different types of optimization algorithms to this
nonconvex optimization problem.

Despite the research effort, there is still a significant
gap between the theoretical predicted gains and the results
observed from system level simulations so far [12]. Onemain
activity in this area is the so-called 3GPP LTE CoMP study
item, which started in LTE Release 10, has been re-invoked
for LTE Release 11 and finally has been converted into a 3GPP
LTE working item in September, 2011 [13]. While CoMP
includesmany different kinds of cooperation like coordinated
scheduling (CS), coordinated beamforming (CB), dynamic or
fast cell selection (DCS), and so forth, in our contribution the
focus is mainly on joint precoding (JP) or more specifically
on joint transmission (JT) CoMP. JT CoMP is generally
accepted to be the scheme with the highest potential gains,
as signals being interferers in noncooperative scenarios are
turned into useful signal power for JT CoMP. This is the
main benefit over pure interference avoidance strategies such
as CS/CB. Reference [14] contains the best so far achieved
results for the main 3GPP CoMP schemes. In case of JT
CoMP the best performance for a 4 × 2MIMO system doing
joint transmission over 9 cells was 4.028 bit/s/Hz/cell, being

far away from the projected 10 bit/s/Hz/cell from theoretical
analysis.

So one main issue to be tackled in this contribution
is to reveal and analyze a fundamental limit of practical
and realizable CoMP schemes, mainly due to the required
clustering and/or due to different assumptions for the radio
channels. Note, for theoretical analysis Rayleigh channels
are often assumed, which are known to have an optimal
eigenvalue distribution, while macrocellular radio channels
like the spatial channel model extended (SCME) as being
used in 3GPP [15] may suffer from correlation of collocated
antenna elements and certain line of sight (LOS)/nonline of
sight (NLOS) probabilities.

The important question is whether the optimization
problem is limited by fundamental reasons, for example,
esteeming from clustering, or just due to the dimension of the
optimization problem.Thefirst casewould be in combination
with its significant complexity almost a killing point against
JT CoMP, while in the second case it would be just a matter
of doing things right.

We have no final answer to this question yet, but in
this contribution we propose an overall framework for inter-
ference mitigation of which JT CoMP is just one of the build-
ing blocks. Based on an in depth analysis of interference con-
ditions, scheduling effects, and so forth different concepts
are combined to get much closer to the theoretical results of
network wide cooperation with clustered cooperation areas
in macrocellular radio environments.

Reference [16] mentions the importance of interference
and provides an optimal power control provided for two
opportunistic cooperative base stations. However the authors
mention that the algorithm does not bring performance ben-
efits if there are only cell edge users. Besides these ideas [17],
suggests a concept to improve the bandwidth efficiency with
two-way relay nodes where these nodes have multiple anten-
nas. Upper bounds regarding symbol error probability are
derived as well as the order of diversity of the two proposed
schemes.

The proposed framework is more than CoMP and
includes techniques like interference rejection combining
(IRC), multiuser MIMO (MU-MIMO), interference floor
shaping, wideband beamforming, antenna tilting, power
adaptation, clustering, user grouping, effective precoding
including𝑇𝑥 diversity, per cell and per cooperation area sche-
duling, optimum channel state information (CSI) estimation,
and according to low rate but accurate feedback links.

Implementation of specific issues like the just mentioned
CSI estimation and feedback as well as intersite synchroniza-
tion, backhaul overhead, and so forth are investigated inmore
detail in the EU founded project Artist4G [18], while this
contribution has its main focus on maximizing system level
gains under ideal conditions. In the end, both parts have to be
combined appropriately to form an overall system concept.

Some items like partial CoMP, cover shifts or interference
floor shaping by cooperationwide vertical beam steering have
been partly described in [19, 20], while the CoMP scheduler
results and verification of main parts measurements in the
real world CoMP testbed from TUD [21] are presented here
for the first time.
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The main outcome of the overall proposed concept is a
factor of 2.4 higher spectral efficiency than achieved so far by
MUMIMO and about 1.8 times higher than for the up to date
best 3GPP JT CoMP scheme as being given in [13]. This we
think is really a great progress.

2. Contribution of This Paper

In the introduction, an overview about the issues relevant
for interference mitigation based on JP CoMP was given.
This chapter presents an interference mitigation framework
designed to overcome the low penetration rate ofMS that can
be served by their individual set of network wide strongest
BSs. To reach that goal, several concepts are combined to
tackle each issue that hinders a higher penetration rate ofMSs
with high SIRs. These concepts can be roughly categorized
into the following points.

(i) Oversized Clusters. Oversized clusters provide a
higher probability that MSs find all of their strongest
BSs in a single cluster.

(ii) Partial User Centric Assignment. It is sufficient if MS
has only a subset of its serving BSs as its network wide
strongest ones. This increases the probability to find
multiple MSs to be served jointly from the same BS
cluster.

(iii) Overlapping Clustering. The clusters are overlapping
such that, around the border of two clusters, a third
one is added to serve the cluster-edge-MSs as center
MSs.

(iv) Interference Floor Shaping. Residual intercooperation
area interference is reduced by a suitable combination
of wideband (WB) beamforming and per WB beam
individual vertical antenna tilting.This is done utiliz-
ing the multiple antenna elements (AEs) mounted at
BSs.

3. Considered Network and Signal Model

We consider a downlink scenario within a cellular network
with transmitting BSs and receiving MSs. The cells are
organized in sites with three cells per site each covering a
sector of 120∘ as illustrated in Figure 2 consisting of three
adjacent sites. Each BS covers a single cell. The mathematical
notation is listed in Table 2.

First, a simple single input single outpout (SISO) radio
channel between MS 𝑚 and BS 𝑏, each with only one AE,
is introduced as complex scalar value ℎ

𝑚𝑏
. If MSs and BSs

havemultiple AEs, denoted by𝑁
𝑅𝑋

and𝑁
𝑇𝑋
, respectively, the

channel ℎ
𝑚𝑏

becomes a matrix H
𝑚𝑏

∈ C𝑁𝑅𝑋×𝑁𝑇𝑋 . All of these
values represent the channel for a certain set of 12 subcarriers
in the base band, accordingly physical resource block (PRB)
in case of LTE. Radio channels from multiple BSs, denoted
by a set, for example, B = {𝑏

1
, . . . , 𝑏

𝐵
}, are concatenated

horizontally. Similar, the radio channels to multiple MSs in

a set (e.g., M = {𝑚
1
, . . . , 𝑚

𝑀
}) are concatenated vertically.

This and the concatenation to a matrixHMB is shown in
B = {𝑏

1
, . . . , 𝑏

𝐵
}

M = {𝑚
1
, . . . 𝑚

𝑀
}

⇒
[
[

[

H
𝑚1B

...
H
𝑚𝑀B

]
]

]

= [HM𝑏1
⋅ ⋅ ⋅HM𝑏𝐵

] .

(1)

3.1. Joint Precoding/Transmission. In the following,M
𝑏
is the

set of MSs that are jointly served by BS 𝑏. We assume further
that MSs have only one receive antenna, that is 𝑁

𝑅𝑋
= 1.

Thus, H
𝑚𝑏

= h
𝑚𝑏

∈ C1𝑁𝑇𝑋 = [h
𝑚𝑏
[1] ⋅ ⋅ ⋅ h

𝑚𝑏
[𝑁
𝑇𝑋

]]. To
separate all jointly served MSs in the setM

𝑏
, BS 𝑏 uses a pre-

coding vector v
𝑚
∈ C𝑁𝑇𝑋×1 = [v

𝑚
[1] ⋅ ⋅ ⋅ v

𝑚
[𝑁
𝑇𝑋

]]
𝑇 for each

MS 𝑚 ∈ M
𝑏
. The precoding vectors are columns from the

joint precoding matrixV
𝑏
, used at BS 𝑏. It is calculated based

on the channel matrix HM𝑏𝑏
and could be, for example, the

moore penrose pseudo-inverse ofHM𝑏𝑏
, denoted byH†

M𝑏𝑏
.

Intracell interference received at MS 𝑚 is caused by all
other data streams transmitted by BS 𝑏 for MSs 𝑘 with 𝑘 ∈

M
𝑏
\ 𝑚. Finally, an additive white and Gaussian distributed

noise signal 𝑛 with power 𝜎2
𝑛

is assumed.
If MS𝑚 is served just from BS 𝑏 that serves all MSs in set

M
𝑏
, the signal 𝑦

𝑚
received at MS𝑚 can be expressed by

𝑦
𝑚
= h
𝑚𝑏
v
𝑚
𝑑
𝑚
+ ∑

𝑘∈M𝑏\𝑚

h
𝑚𝑏
v
𝑘
𝑑
𝑘
+

∨

𝐼
𝑚
+ 𝑛 (2)

with 𝑑
𝑚
being the transmitted data symbol for MS 𝑚 and

interference
∨

𝐼
𝑚

from other cells. If the transmit power is
denoted by 𝑝

𝑚
= |𝑑
𝑚
|
2, the wanted signal power 𝑆(𝑚, 𝑏),

intra cell interference 𝐼(𝑚, 𝑏), and the interference 𝐼(𝑚, 𝑞)

from another BSs 𝑞 at MS𝑚 are given with

𝑆 (𝑚, 𝑏) = 𝑝
𝑚


h
𝑚𝑏
v
𝑚



2

2

,

𝐼 (𝑚, 𝑏) := ∑

𝑘∈M𝑏\𝑚

𝑝
𝑘


h
𝑚𝑏
v
𝑘



2

2

,

𝐼 (𝑚, 𝑞) := ∑

𝑘∈M𝑞

𝑝
𝑘


h
𝑚𝑞
v
𝑘



2

2

𝑞 /= 𝑏.

(3)

Interference between these MSs mostly depends on the
precoding algorithm, like for example,MMSEor zero forcing.
These algorithms strive to suppress interference power below
the noise or in the case of zero forcing to remove it completely.
In reality an interference floor remains, due to impairments
such as channel estimation errors and inter-carrier interfer-
ence. The error floor depends also on the precoding algo-
rithm’s “robustness.” For instance, the zero forcing algorithm
is quite sensitive against precoding errors and more robust
solutions are available [22, 23], especially for multiple user
separation [24, 25].We focus onmethodical gains achieved by
cooperation betweenmultiple, distributed BSs and not on the
joint precoding itself. Thus, we assume that joint precoding
algorithms, channel prediction and estimation, and so forth
are already applied in an optimal manner [26–28].
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3.2. Precoding Normalization Loss. Data streams of all MSs
M
𝑏
served by BS 𝑏 are transmitted in parallel. The transmit

power used at that BS is limited by 𝑃
BS
max, yielding to a

sum power constraint for all signals transmitted in parallel.
Furthermore, each single AE at the BS has also a maximum
transmit power given by 𝑃

AE
max. Hence, we have a second

sum power constraint. These power limitations can either be
consideredwithin the joint precoding algorithmas presented,
for example, in [29, 30] or by an additional normalization
between all jointly transmitted data streams. Hence, the
precoding vectors, like v

𝑚

in this article, are normalized.
The application of a separated precoding and normalization
is typically suboptimal and results in reduced SINR. This
precoding normalization loss (PNL) is denoted by 𝛼(𝑚, 𝑏):

v
𝑚
‖ v
𝑚

∀𝑚

𝑃
AE
max ⩾ ∑

𝑚∈M𝑏

𝑝
𝑘


v
𝑚

[𝑘]


2

∀𝑘

𝑃
BS
max ⩾ ∑

𝑚∈M𝑏

𝑝
𝑘


v
𝑚



2

2

∀𝑏

⇒ 𝛼 (𝑚, 𝑏) :=


h
𝑚𝑏
v
𝑚



2

2


h
𝑚𝑏
v
𝑚



2

2

.

(4)

3.3. Signal-to-Interference Ratio. This article is about inter-
ference mitigation. Thus, we assume an interference limited
system with noise power 𝜎

2

𝑛

being negligible compared to
the interference power. Hence, the signal to interference
ratio (SIR) is used in the following. The SIR seen at MS 𝑚

which is served by BS 𝑏 can be clearly described using the
aforementioned notation:

SIR (𝑚, 𝑏) =
𝛼 (𝑚, 𝑏) 𝑆 (𝑚, 𝑏)

𝐼 (𝑚, 𝑏) + ∑
𝑞 /= 𝑏

𝐼 (𝑚, 𝑞)

. (5)

3.4. Cooperation between Base Stations. A BS cluster is
described by a setB = {𝑏

1
, . . . , 𝑏

Ω
} ofΩ cooperating BSs with

cardinality |B| = Ω. The setMB = {𝑚
1
, . . . , 𝑚

𝑀
} of𝑀MSs

is served jointly by all BSs inB. Equivalently asM
𝑏
is the set

of all MSs served by BS 𝑏, MB is defined as the union of all
served MSs from the cooperating BSs inB:

MB = ⋃

𝑏∈B

M
𝑏
. (6)

The SIR defined in (5) is now extended:

SIR (𝑚,B) ≈
𝛼 (𝑚,B) 𝑆 (𝑚,B)

𝐼 (𝑚,B) + ∑
𝑞∉B 𝐼 (𝑚, 𝑞)

. (7)

Assuming that a certainMS𝑚 is assigned to BS 𝑏
1
, the BS

indices 𝑏
1
, 𝑏
2
, . . . fulfil a special sorting of the BSs.

(i) The BS to which MS 𝑚 would be connected without
any cooperation is denoted by 𝑏

1
. Typically this is the

BS with the strongest radio channel for MS𝑚.

(ii) The set of all BSs at the same site Bsite with BS 𝑏
1

being one of them is denoted by Bsite
1

, consisting of
BSs {𝑏

1
, 𝑏
2
, 𝑏
3
}. Note that BS 𝑏

1
is connected to MS 𝑚

because it has the strongest radio channel to it, but
BSs 𝑏
2
, 𝑏
3
have in general an arbitrary connectivity to

MS 𝑚, since they are only connected to MS 𝑚 now
because they are located at the same site as BS 𝑏.

(iii) A CA is a special cluster consisting of three adjacent
sites, that is, Bsite

1

, Bsite
2

, Bsite
3

like illustrated in
Figure 2. Thus, the comprehensive set C contains 9
BSs {𝑏

1
, . . . , 𝑏

9
}. All BSs 𝑏

𝑛
with 𝑛 > 9 and sites Bsite

𝑘

with 𝑘 > 3 are not in that CA and cause interference
at MS𝑚. Note that, in general,Bsite

2

andBsite
3

, that is
{𝑏
4
, 𝑏
5
, 𝑏
6
} and {𝑏

7
, 𝑏
8
, 𝑏
9
} have also arbitrary channel

conditions as already explained above for BS 𝑏
2
, 𝑏
3
.

Using that numbering scheme, the SIR for intra- and
intersite cooperation is given by

SIR (𝑚, {B
site
1

,B
site
2

,B
site
3

}) = SIR (𝑚,C)

≈
𝛼 (𝑚,C) 𝑆 (𝑚,C)

𝐼 (𝑚,C) + ∑
𝑞∉C 𝐼 (𝑚, 𝑞)

.

(8)

4. The Interference Mitigation Framework

In general, cooperation between different BSs can be done in
different ways. In this article, it is assumed that JP between
BSs in a CA separates all jointly served MSs in the spatial
domain, using theAEs of all cooperatingBSs as one single and
distributed antenna array.The precoding itself can be done in
a so-called central unit (CU) like the one sketched in Figure 9
with𝑁

𝑇𝑋
= 2 AEs for each of the three BSs in the cluster.

Now,we introduce the interferencemitigation framework
step by step. The specific parameter settings given below
are an example for the explanation of the main concepts.
The values like the size of the CAs, and so forth have been
chosen based on practical considerations, but might be fur-
ther optimized or adapted in case of other scenarios.

4.1. User Centric Assignment. For high SIRs, the clustering
should be organized such that a cluster contains the network
wide 𝜔 strongest BSs for each of its served MSs.This individ-
ual list of network wide strongest BSs is referred to as anMS’s
“wish list” in the following. The assignment is called “user
centric” because it depends on the users, that is the MSs and
their wish lists. In contrast, the assignment is network centric
if cooperation areas are predefined on network level without
adaptation to any wish lists. For user centric assignment the
interference from adjacent clusters is weak as the strongest
BSs belong to the serving cluster and all other BSs have lower
power than the serving BSs. In realistic scenarios, user centric
assignment is hard to realize because the BSs according to an
MS’s wish list often do not belong to a single predefined clus-
ter and vary between different MSs. Since in scenarios with
intrasite cooperation only BSs on the same site can cooperate,
MSs will often have strong BSs at adjacent sites that cause
strong inter site interference. Above all, this motivates the
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introduction of the aforementioned CAs because then, more
of the strongest BSs might be in a single cluster, that is a CA.

Regarding the SIR expressions as expressed in (8) the goal
of user centric assignments is to minimize the right side of
the denominator by maximizing the connectivity ‖h

𝑚B‖ of
an MS’s serving clusterB:

{𝑏
1
, . . . , 𝑏

Ω
} arg max

B:|B|=Ω


h
𝑚B



2

2

. (9)

Within the optimization in (9), the number 𝜔 of requested
strongest BS in the serving cluster is equal to the total amount
Ω of BSs in a cluster. If the argument of the max-function
is—by chance—identical to the 𝑛’th siteBsite

𝑛

, intrasite coop-
eration fulfils these requirements for user centric assignment
with𝜔 = 3, but often the strongest𝜔 BSs are not collected at a
single site. In that case, for example, two sites with 6 BSsmust
cooperate to have at least the strongest 𝜔 BSs in the serving
CA.This case is referred to as partial user centric assignment
and formulated in

{𝑏
1
, . . . , 𝑏

Ω
} ∋ arg max

B:|B|=𝜔⩽Ω


h
𝑚B



2

2

. (10)

However, the strongest BSs are often distributed over a larger
area than just between two adjacent sites within a single
CA. This illustrates the challenge of (partial) user centric
assignment. Recalling the indexing introduced in Section 3.4,
there is the following “user centric condition” concerning the
connectivity:


h
𝑚,𝑏𝑛


⩾

h
𝑚,𝑏𝑘


𝑛 ⩽ 𝜔 < 𝑘. (11)

Equation (10) fulfils the user centric condition (11). With
𝜔 = Ω, also (9) does so. In the following, the latter case with
𝜔 = Ω is referred to as “full user centric assignment” and
𝜔 < Ω is called “partial user centric assignment.” Due to the
allocation of the strongest 𝜔 BS, the SIR depends not only on
the cardinality of B. For example, recall the indexing from
Section 3.4: 𝑏

1
, . . . , 𝑏

3
belongs to the site cluster Bsite

1

while
𝑏
4
, . . . , 𝑏

6
and 𝑏
7
, . . . , 𝑏

9
belong toBsite

2

andBsite
3

, respectively.
Furthermore it is assumed that the connectivity from BSs
that are not members of {𝑏

1
, . . . , 𝑏

9
} is not relevant, that is the

interference floor fromBSs that are located further away from
MS𝑚. Now, we compare the SIRs resulting from two different
serving clusters for MS𝑚 under some further assumptions:


h
𝑚,𝑏𝑛


⩾

h
𝑚,𝑏𝑘


𝑛 ⩽ 3 < 𝑘


h
𝑚,𝑏𝑛


≫


h
𝑚,𝑏𝑘


𝑛 ⩽ 9 < 𝑘


h
𝑚,𝑏𝑛


≈

h
𝑚,𝑏𝑘


𝑛, 𝑘 ∈ {4, . . . , 9}

⇒ SIR (𝑚,B
site
1

) < SIR (𝑚, {B
site
1

,B
site
2

})

SIR (𝑚, {B
site
1

,B
site
2

}) ≈ SIR (𝑚, {B
site
1

,B
site
3

})

SIR (𝑚, {B
site
1

,B
site
𝑛

}) ≪ SIR (𝑚, {B
site
1

,B
site
2

,B
site
3

})

𝑛 ∈ {2, 3} .

(12)

The example above makes clear that large cooperation gains
can only be realized if all of the relevant interferers are in the
serving cluster and contribute to the wanted signal for anMS,
that is, the signal gain alonewill not result in strong SIR gains.
Thus, the most important issue is to combine the relevant
interferers, that is the network wide strongest BSs into the
serving cluster for each MS. The SIR can be increased more
by interference mitigation of all relevant interferers than due
to a signal gain. In the following, three concepts are presented
that exploit these issues.

(i) Oversized Clusters. Partial user centric assignment is
explicitly permitted. The conditions for user centric
assignment are reduced to 𝜔 < Ω. The MSs should
find now their 𝜔 strongest BSs within a single cluster
of sizeΩ.This is the notion behind the introduction of
CAs because in their central area,MSs are surrounded
with cooperating BSs.

(ii) Partial Channel Reporting. To realize such large clus-
ters, only channels of the 𝜔 strongest BSs are reported
from theMSs and used as transmitters for the desired
signal. The channel coefficients to all unreported BSs
are assumed to be zero. This concept is referred to as
“partial channel reporting (PCR)” in the following.

(iii) Overlapping Clusters. For MSs positioned on the
border between two CAs, a third (overlapping) CA
with its center area at that border is added. Since
it operates on orthogonal resources, for example,
another frequency sub-band, interference towards the
first two CAs is completely avoided. This overlapping
scenario is illustrated in Figure 7.

4.2. OversizedClustering. Note that PCRwill introduce intra-
CA interference at signal power level as it would also appear
from adjacent and strong BSs that do not belong to the
serving CA, but for an MS, it is unimportant whether inter-
ference comes from an unreported BS inside of its serving
cluster or any other BSs in the network. The advantage lies
in the relaxed condition that only 𝜔 out of Ω BSs must be
the strongest ones for the MS. This increases the so-called
“penetration rate,” that is, the percentage of MSs that can be
served that way. Note that the penetration rate also depends
on the probability to find enough MSs with identical wish
lists, an issue which is addressed later.

One reason for the very low probability that MSs can be
served in a full user centric assignment is the huge number
of possibilities for wish lists of each single MS. Considering
a network of 𝑁BS BSs, the number of possibilities to select a
group consisting ofΩBSs is given by the binomial coefficient:

(
𝑁BS
Ω

) =
𝑁BS!

Ω! (𝑁BS − Ω)!
. (13)

Neglecting pathloss and assuming an equal distribution of the
connectivity between each BS and MS, the probability that
a certain group of Ω BSs is the optimum serving set of an
arbitrary MS can be estimated just by the inverted binomial
coefficient (𝑁BS

Ω

)
−1

.
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Table 1: Simulation parameter.

Parameter Value
Number of cells (BSs) 57
Number of sites 19
Cells (BSs) per cellsite 3
Sector width 120∘

Physical AEs per BS 4
WB beams per BS 2
Hrz. WB beam direction ±30∘ from broadside
Vrt. WB beam direction 10∘/15∘ center/edge
Power adapt. WB beams 0/−6 dB center/edge
Number of subcarriers 32
Bandwidth per subcarrier 180 kHz
𝑇𝑥AEs 4
𝑅𝑥AEs 1
Joint precoding Zeroforcing
Channelmodell SCME
ISD 500m
Antenna tilting 10∘ and 15∘

Penetration loss No
CSI Ideal

Table 2: Mathematical notation.

Meaning Notation
Scalars, functions 𝑎

Vectors, matrix elements a
Element 𝑘 of vector a

𝑛

a
𝑛

[𝑘]

Matrices A
Sets A

Cardinality ofA |A|

|A| = 𝑁 A𝑁

Vector a transposed a𝑇

Vector a hermitian a𝐻

Pseudo-inverse of matrix A A†

Thus, the probability that an arbitrary set of BSs is
selected and belongs to any of 𝑁C clusters, that is, the
penetration rate, is given by 𝑁C(

𝑁BS
Ω

)
−1

. The penetration
rate is increased using the relaxed assigning condition 𝜔 <

Ω according to the PCR concept. Thus, there are (
Ω

𝜔

)

possibilities that anMS has its strongest𝜔BSs within a cluster
consisting of Ω BSs. Furthermore, the fact that in general
multiple MSs with an identical wish list are needed to form a
group of jointly servedMSs would drastically reduce the pen-
etration rate, but the aforementioned relaxed condition 𝜔 <

Ω allows grouping MSs with different wish lists since only
their 𝜔 strongest BSs must be in the serving cluster of sizeΩ.

Figure 3 contains results from a system level simulation
(details in Table 1) and shows the penetration rate of MSs
with 3, 6, and 9 of their strongest BSs in their serving CA. A
significant increased penetration rate can already be expected
if MSs should have their strongest 6 BSs in a single CA. If 𝜔

is decreased further to 3, in combination with CAs of cardi-
nalityΩ = 9, we have penetration rates of more than 90%.

4.3. Overlapping Clustering. If each possible cluster would
be realizable, we have 𝑁C → (

𝑁BS
Ω

) and the penetration
rate approaches one, but with a nonoverlapping clustering,
the number of clusters that can be defined in parallel from
𝑁BS BSs is limited to𝑁BS/Ω.Thus, overlapping clusters allow
a higher probability that the wish list of a certain MS is
identical to one of these clusters. On a first glance, the idea of
overlapping clustering seems similar to fractional frequency
partitioning, but the overlapping clustering is chosen such
that each BS contributes to multiple CAs that overlap each
other. The frequency subbands are assigned to these overlap-
ping clusters such that each BS offers the complete system
bandwidth distributed between all clusters it is contributing
to.Thus, theMSsmust be divided into subgroups served only
by a fraction of the system’s bandwidth. If these subbands are
chosen big enough that eachMS can use as much subcarriers
as needed for its purposes, the MSs will not suffer from any
bandwidth limitation. Of course, themultiplexing gainmight
be reduced by the reduced bandwidth here.

The overlapping clustering consists of different clustering
layers, so called “cover shifts” built from a basic clustering
that consists of nonoverlapping CAs as illustrated in Figure 2.
Each of these clustering layers is “shifted” into different
directions to be located directly on the borders between two
adjacent CAs from the basic clustering. As aforementioned,
overlapping clusters use different frequency subbands to
avoid interference between different cover shifts. The shape
of a CA according to Figure 2 allows to built 6 of such cover
shifts as illustrated in Figure 4 from left to right.The triangles
have their edges on the three sites forming a CA. The center
area of each CA is highlighted within the triangles. From left
to the right, Figure 4 depicts the basic clustering with more
and more cover shifts being added to fill all gaps between
the CAs of the basic clustering. With all six cover shifts, the
overlapping is such that each border between two CAs in, for
example, cover shift “A” is the centre area of another cover
shift “B” as illustrated in Figure 7.

4.4. Partial Channel Reporting. As aforementioned, the high
cooperation overhead might become an issue in CAs due to
intersite cooperation. For full channel knowledge within a
cluster, each channel coefficient on each subcarrier for each
served MS must be known at each of the cooperating BSs.
Furthermore, signals to be transmitted jointly according to
Figure 9 must first be distributed between cooperating sites.
The PCR concept reduces this overhead significantly, but
since the full channel matrix between all transmit and receive
antennas is needed for JP, the CU assumes all unreported
radio channel coefficients simply to be zero.

A channel coefficient of zero means that no power can
be transmitted. Thus, the joint precoding is calculated with
wrong assumptions and MSs will see unknown interference
from all unreported BSs.

As an example, we consider a channel matrix HMBB

between a cluster B = {1, . . . , 5} and the jointly served
MSs in MB = {1, . . . , 5}. In addition, we assume one AE
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at each BS and MS and that the first MS has only reported
the channels corresponding to BSs 1, 2, and 5. Thus, the
resulting precoding matrix VB contains errors such that
the underlined entries (corresponding to the AEs from
unreported BSs) contain interference for the first MS:

HMBB = (

ℎ
11

ℎ
12

ℎ
13

ℎ
14

ℎ
15

ℎ
21

ℎ
22

ℎ
23

ℎ
24

ℎ
25

ℎ
31

ℎ
32

ℎ
33

ℎ
34

ℎ
35

ℎ
41

ℎ
42

ℎ
43

ℎ
44

ℎ
45

ℎ
51

ℎ
52

ℎ
53

ℎ
54

ℎ
55

)

⇒ VB = (

𝑣
11

𝑣
12

𝑣
13

𝑣
14

𝑣
15

𝑣
21

𝑣
22

𝑣
23

𝑣
24

𝑣
25

v31 𝑣
32

𝑣
33

𝑣
34

𝑣
35

v41 𝑣
42

𝑣
43

𝑣
44

𝑣
45

𝑣
51

𝑣
52

𝑣
53

𝑣
54

𝑣
55

).

(14)

Since this kind of interference appears also in the data stream
for the first MS, that is, the first column in V, the PCR
concept bounds the achievable SIR, but in noncooperative
scenarios the unreported BSs would be interferers as well.
Thus, the SIR bound is not really limiting the capacity in real
world scenarios.

It is important that each BS in the CA is reported by at
least one MS to make sure that the channel matrix does not
contain any rows which are completely zero.This can be gua-
ranteed if the scheduling applies a simple rule.

(i) The setMB is composed such that each BS inB has
at least one MS of which it is the strongest BS inB.

(ii) Each MS reports at least its strongest BS in the CA.
This is easy to fulfil because MSs are generally connected to
their strongest BS in the network. If each BS contributing to
B adds one of “its” MSs toMB, the wish lists from this set of
MSs will span all BSs inB. To increase the system’s capacity,
also more than oneMS per BS can be served.This is of course
limited by the number of AEs locally mounted at BSs.

There are a lot of different approaches how an MS can
select the BS whose radio channels are reported. In this
article, two of them are investigated: a “top-𝑁” and a thre-
shold-based selection.

(i) A top𝑁 selectionmeans to select the strongest𝑁 = 𝜔

BSs in the serving cluster to be reported.
(ii) For threshold-based selection, the MS reports all

BSs of the serving CA that have a radio channel
connectivity stronger than a certain threshold below
the strongest BS.

While Top 𝑁 selection yields to a variable SIR gain with
a fixed cooperation overhead, the threshold-based selection
has a variable cooperation overhead, but tries to keep a
certain cooperation gain which is only limited by inter-CA
interference.

With the same simulations as used for Figure 3 (see
Table 1 for details) PCR in combination with an overlapping
clustering according to Figure 4 has been simulated. Espe-
cially forMSs with a low SINR, the gains due to partial CoMP
are significant and higher than those of intrasite cooperation.

4.5. Scheduling between Cover Shifts. The division into cover
shifts with frequency subbands motivates a load balancing
between them and the presented clustering in combination
with PCR allows a certain degree of freedom there, because
the scheduling of MSs between cover shifts can also be
reduced to the reported BS.

With 𝜔 = 3 and the top-𝑁 selection approach, the
reported BSs can be distributed between one, two, or three
different sites. If all of the reportedBSs belong to the same site,
the corresponding MS can be scheduled to each cover shift
because the overlapping clustering as illustrated in Figure 4
was designed such that each site contributes to a CA in each
cover shift. If the three strongest BSs are distributed between
two sites, there are still two cover shifts left where these MSs
could be scheduled to. The cover shift is only fixed if all
three reported BSs belong to different sites. Figure 8 sketches
the possible cover shifts for different locations of an MS’s
three network wide strongest BSs, denoted by the three dark
hexagons. Of course, the number of sites that are included
in a MS’s set of reported BSs depends also on 𝜔. Until now,
𝜔 = 3 with a top-𝑁 selection approach was assumed, but if
the selection is done threshold based, 𝜔 only limited by Ω.

Figure 6 compares the top-𝑁 and threshold-based selec-
tion approaches. It comes out that a threshold of about 10 dB
results in intrasite cooperation for 80% of all MS. Vice versa
this means that the SIR is limited to 10 dB for 80% of all
MSs due to intersite interference. This coincides with the
low gains that are often seen in such simulations as already
mentioned in the introduction of this article.The first idea for
load balancing is to schedule MSs that can be scheduled only
to one single cover shift first. Second,MSs with two “allowed”
cover shifts are distributed between the different cover shifts
with the goal in mind to equalize the number of MSs in each
of these cover shifts. In a third step, all MSs that are free in
their choice are added. As long as there are enough of the
latter type ofMSs to schedule, an equal load between all cover
shifts can be reached. This technique is described more in
detail in [31]. More powerful scheduling ideas are sketched
briefly later in this article.

4.6. Interference Floor Shaping. Both, overlapping clusters
and PCR exploit the fact that the main cooperation gain
arises from a significant interference reduction and less from
a signal gain. Despite oversized and overlapping clusters
there is still a considerable amount of inter-CA interference,
especially for CA edge users. In the following, we focus on the
mitigation of that interference part.

Multiple antennas at BSs can be used for a static wideband
beamforming before joint preprocessing is applied. This
allows steering the transmit power more towards the center
of a CA for mitigating inter-CA interference. The concept is
presented in Figure 1.The depicted beams are divided into the
so-called “centre beams” and “edge-beams.” Each BS has for
example, 4 AEs and uses them to provide 2 wideband beams.
Additionally to the horizontally beamforming, edge beams
have a stronger down tilt than centre beams and are reduced
in their transmit power to further mitigate the interference
power to adjacent CAs.
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Figure 1: The complete interference mitigation framework consists of three adjacent sites. Multiple antennas at each of the cooperating BSs
perform wideband beamforming to steer the signal more towards the CA’s center.

Figure 2: A CA consists of three adjacent sites.
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Figure 3: Penetration rate of user centric served MSs.

Regarding the channel matrix, the effective channels
resulting from the wideband beams are used instead of the
physical antenna coefficients. Thus, the number of columns
in a channel matrix between a CA and its servedMSs is equal
to the number of wideband beamformers used per BS and the
wideband beams are referred to as virtual antenna elements
(vAEs). In order to be specific, the term “physical antenna
elements (pAEs)” instead of AEs is used from now on.

Only vAEs are used for joint precoding. The correspond-
ing matrix is denoted by Ṽ. Thus, each antenna weight in Ṽ
must be applied in the same manner at all pAEs, the corres-
ponding vAE consists of.

Assuming a uniform linear array with a 𝜆/2 antenna
spacing (𝜆 = wavelength), 4 pAEs at each BS and using
sin(30 deg) = 0.5, the (normalized) beamforming vectors

for each BS, directed to the left and right are given by
→

𝑏
𝐿
=

(1/4)[1 𝑗 − 1 − 𝑗]
𝑇 and

→

𝑏
𝑅

= (1/4)[1 − 𝑗 − 1 𝑗]
𝑇,

respectively.
According to Figure 1 the wideband beams should also

have an individual down tilt. Different down tilts can be
realized if each single pAE of the uniform linear antenna
arrays is extended to a vertical antenna array, again with, for
example, 𝜆/2 spacing. The influences of the vertical antenna
array—basically describing a so-called “active antenna”—can
be included easily into the mathematical model if all rows of
the (now) two-dimensional antenna array are concatenated

to one long row which leads to increased lengths of
→

𝑏
𝑅
,
→

𝑏
𝐿
.

Elements corresponding to different rows of the antenna
array must have an additional phase offset according to the
down tilt of center and edge beams. Furthermore, 𝑇𝑥 power
adaptation for cell edge beams is included by a −6 dB power-
down-scaling of the corresponding beamforming vectors. In
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Figure 4: The basic clustering is illustrated on the most left picture. From left to the right, more and more cover shifts are added.
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Figure 5: The partial CoMP concepts have a significant gain
compared to intrasite cooperation scenarios, especially in the low-
SINR regions.

total, four different extended beams result from different
down tilts and 𝑇𝑥 power reduction, denoted by

𝑐

→

𝑏
𝑅
,
𝑐

→

𝑏
𝐿

(center beams) and
𝑒

→

𝑏
𝑅
,
𝑒

→

𝑏
𝐿
(edge beams). Figure 12 shows

the positions of all these wideband beamformers. To keep the
notation clear, the length extension of wideband beamform-
ers is suppressed in the following since it has no relevant influ-
ence on the mathematical model. Furthermore, the down tilt
could also be realized by two different pAEs with different
down tilts, but would increase the hardware complexity.

In Figure 12, the first 6 wideband beams of a CA are
depicted and numbered. The corresponding beamforming
vectors are concatenated to a block diagonal matrix:

Ṽ = [ṽ
1
⋅ ⋅ ⋅ ṽ
6
]

= (

[
𝑒

→

𝑏
𝑅
|
𝑐

→

𝑏
𝐿
] 0

[
𝑐

→

𝑏
𝑅
|
𝑐

→

𝑏
𝐿
]

0 [
𝑐

→

𝑏
𝑅
|
𝑒

→

𝑏
𝐿
]

).

(15)
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Figure 6: The number of involved sites in the set of reported BS
depends on the number of reported BSs and thus on the threshold
if that selection approach is chosen.

Figure 7: Using overlapping CAs, so-called “cover shifts” can avoid
CA edge MSs.

The complete MIMO signal model can be described by

y = HṼV = H̃V. (16)

The central joint processing (CJP) calculates the joint precod-
ing matrix V based on a channel matrix that is a result of the
product between two matrices, that is, H and V. Thus, H is
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Figure 8: Dark hexagons denote the three network wide strongest
BSs. Depending on their distribution, an MS can be scheduled into
one, two, or six different cover shifts.

CJP BS 1

BS 2

BS 3

Figure 9: Scheme of cooperation between 3 BSs with 2 pAEs per
BS. To do the central joint processing, a central unit calculates the
joint precoding weights v

𝑚

[1], . . . , v
𝑚

[6] to transmit the symbol 𝑑
𝑚

for MS𝑚.

changed by Ṽ.These changes can also decrease the correlation
between the individual elements in H̃ compared to H. In
other words the rank of a matrix consisting of vAEs might be
higher compared to the case when the original pAEs are used
asmatrix elements.This improvement can occur in particular
if Ṽ is of reduced size.

Figure 10 depicts a possible realization of virtual AEs:
The virtual antenna elements with tildes are to be applied on
top of the physical antenna weights on the BSs by physical
beamformers. (Here:, three BSs are used).

Figure 11 illustrates the results comparing SINR values
utilizing the WB beams with and without CA-specific down
tilt and power adaptation. In the latter case, a lower SINR can
be observed compared to the CoMP simulations presented
earlier in this article. Results presented in [32, 33] indicate
that this effect comes froman increased inter-CA interference
because the pathloss is not as dominant here compared to the
CoMP reference scenario without any WB-beamforming.

If the WB-beam down tilt and power adaptation are
activated, the results in Figure 11 illustrate the effect of
interference floor shaping. Compared to the CoMP reference,
a significant SINR gain can be observed, confirming the
performance of the proposed interference shaping concept.

CJP

BS 1

BS 2

BS 3

Figure 10: Each element of ṽ
𝑚

must be spread to all pAEs locally
mounted at the BSs. Thus, there is much less cooperation overhead
on the backhaul.
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Figure 11: The blue line (diamonds) is the reference scenario as in
Figure 5. Red (crosses) denotes the wide band (WB) beamforming
switched on, but without any additional downtilt or power adapta-
tion. Green (circles) contains the results for additional downtilt and
power adaptation.

5. Real World Issues

The accuracy of the simulation results that were presented
in the previous section is limited by the accuracy of the
channel models that have been applied. However, the 3GPP
3D antenna model does not accurately describe the vertical
dimension of a cellular system since it is constantly consid-
ered to have LOS characteristics. A more solid modelling
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Figure 12: Numbering scheme for wideband beams at first site in a
CA.
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Figure 13: Field trial setup and measurement locations (colored
dots) for the first field trial. The color indicates the SNR to the
strongest base station for a downtilt of 6∘.

would require the consideration ofmultiple reflection clusters
as considered in the horizontal dimension. In order to
validate the assumptions and results of the previous sections,
we, thus, used extensive large scale field trials with regard
to these most critical aspects. As depicted in Figure 13, the
testbed consists of a total of 16 base stations that are deployed
at seven sites. It covers a large part of the down town of the
German city Dresden, an area with a typical urban building
morphology that is characterized by large apartments of 20–
50m height, a soccer stadium, a train station, railway tracts,
and roadswith up to 4 lanes. Four base stations are positioned
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Figure 14: Average SNR (dB) over distance from base stations.
Average over results at 16 BSs. The dashed lines show a linear fit.

in about 30m and 12 base stations in about 50m above
ground, each equipped with a cross-polarized antenna (58
degrees half-power beamwidth and 14 dBi gain).The intersite
distance ranges between 500 and 1000m.

In a first field trial, we were interested in the impact of
the downtilt on pathloss and coverage. In order to investigate
this aspect, the samemeasurement route was traversed twice.
For the first trial a downtilt of 6∘ and for the second trial a
downtilt of 12∘ were used. During the trial a single UE trans-
mitted OFDM pilots with transmit power of 37 dBm over
a bandwidth of 5.4MHz at a carrier frequency of 2.6GHz.
The received signal at all base stations was synchronously
captured every 10 s and evaluated for channel and SNR
estimation. For further details on the evaluation procedure,
we refer the reader to [21, 34].Themeasurement locations are
marked in Figure 13 as well, using coloured dots that indicate
the SNR to the strongest base station for each location. In
total 479measurementswere taken in each trial. For technical
reasons, the measurement locations for both trials are not
exactly the samewhich, however, does not effect the following
results since the data is evaluated statistically. In Figure 14, we
show how the average SNR depends on the distance to the
base stations for the two different downtilt settings.

In order to evaluate the relationship between SNR and
distance to the base station, we determined the distance to
all 16 base stations for each measurement location. Figure 14
shows the average SNR that was measured at different
distances to the base stations. However, for each location only
the SNRof those base stationswas consideredwhich antennas
were facing to the measurement location, with a tolerance of
30∘. Figure 14 also shows that the SNR in dBdecreases linearly
with distance with an average SNR degradation (pathloss
increase) of 2.1 dB and 3.7 dB every 100mand for a downtilt of
6∘ and 12∘, respectively. The height of the base stations has a
rather small effect on the average pathloss in our field trial.
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The results are useful to validate the results of our system
level simulations and they show that an appropriate setting
of the downtilts in a cover shift allows for separation of
cooperation areas in a way that BSs that are facing outside
the cooperation areas should apply a larger downtilt in order
to decrease the interference to other cooperation areas. As
described previously, coverage holes that would occur due to
this strong isolation of cooperation areas would be closed by
using different cover shifts on several layers that are separated
by using different resources for each layer. Layer specific
cover shifts could be realized by vertical beamforming. Our
goal in the field trial that is described in the following was
to explore how well different cooperation areas could be
separated using these techniques. Since vertical beamforming
was not available in the employed field trial system, we
concentrated on the separation of a single cooperation area
from neighboring base stations. The general field trial setup
is the same as shown in Figure 14. The cooperation area of
interest was made up of the three sites Hbf-Süd, Hbf, and
Lennéplatz. Thus, in order to achieve a good coverage and
large cooperation gains inside of the cooperation area a rather
low downtilt of 7∘ was chosen at base station 2, 6, 8 that are
facing inward. At all other base stations of the cooperation
area a larger downtilt of 17∘ was chosen in order to minimize
the interference to other cooperation areas. The downtilt at
all surrounding base stations was 17∘ as well as those would
be interferers from surrounding cooperation clusters that
transmit on the same resources. Figure 15 shows the result of
a field trial where a single transmitting UE traversed through
a wide area of the testbed. The colour of the measurement
locations indicates the maximum SNR measured at any base
station of the cooperation cluster. A black dot is shown at
measurement locations where the SNR to all base station in
the cooperation cluster is below 0 dB or where a base station
that is not part of the cooperation cluster has a higher SNR
than all base stations in the cooperation cluster. Compared
to the previous trial in Figure 13, the transmit power was
reduced to 18 dBm, thus the SNR is clearly lower as it would
be achievable in a cellular downlink withmacrobase stations.

An inherent feature of the interferencemitigation concept
being proposed is joint transmission of base stations in a
cooperation cluster.The statistics for the SNR that is instanta-
neously achieved at several base stations for all measurement
locations in the cooperation area is shown in Figure 16.
For example the blue curve shows the CDF of SNR of the
strongest base station at each location.The other solid curves
show the CDF of the minimum SNR of instantaneously
achieved at several base stations. For example at 40% of the
measurement locations the SNR was larger than 10 dB at
two base stations of the cooperation cluster instantaneously.
Considering that the transmit power at a typical base station
would be about 30 dB higher as that used in this field trial
shows that there would be definitely a strong benefit from
cooperation. The dashed curves show the SNR CDF of the
strongest interfering base station. Thus, a partial feedback
(and precoding) scheme would typically use cooperation of
no more than four base stations. In order to increase this
number, the presented framework incorporates the option for
power control as presented in Section 4.6. Figure 17 shows
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Figure 15: SNR in cooperation area using the tortoise concepts.
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Figure 16: CDF of SNR at the base stations in the CA. The dashed
curve shows the CDF of the SNR of the first interferer from outside
of the CA. We see that typically 4 base stations in the CA have a
higher SNR than the first interferer.

the impact of power setting, where base stations that face
out of the cooperation area have a transmit power that is
reduced by 6 dB. Since this field trial was done in the uplink,
the impact of a reduced transmit power was obtained by a
reduction of the measured SNR. While the reduced transmit
power has only small effect on the SNR in the cooperation
cluster, the strongest interferer is reduced by 6 dB resulting in
a significant increase of the average SINR.
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Figure 17: The same as Figure 15 but with power control.

6. Cooperative Scheduling
Strategies-Converting SINR into
Spectral Efficiency

Applying the above described framework increases the SINR
per UE significantly for the single UE per cell scenario as
obvious from Figure 11. This is a big step into the direction
of noticeable system level performance gains, but leaves a
main topic unsolved, that is, the optimum multiuser CoMP
scheduling.

CoMP scheduling is—similar as forMU-MIMO—a chal-
lenge, requiring ideally an exhaustive search in all potential
scheduling and precoding dimensions. The goal is to maxi-
mize the spectral efficiencywhile keeping a predefined degree
of fairness or even better improving the degree of fairness.
This is equivalent to maximizing the constrained sum rate
over all simultaneously served data streams per CA, where
the constraint depends on the intended degree of fairness.

For JP CoMP the search space generally comprise the
following search dimensions.

(i) Setup of CAs with the goal to serve as many as
possible MSs from their most appropriate cells, as
being explained above.

(ii) In case of overlapping clusters according to the cover
shift concept the scheduler has to consider different
allocations of MSs to cover shift.

(iii) The grouping of simultaneously served MSs per CA
is a very important step for finding the mutually most
orthogonal set of users for a certain subcarrier or PRB.
Independent of the specifically used linear precoding
technique, like optimum Wiener filtering, zero forc-
ing, signal to noise and leakage minimization, and

so forth the PNL 𝛼 as being introduced in (4) will
explode for a badly conditioned channel matrixH.

(iv) User grouping is closely related with determining the
optimum number of data streams per CA, that is how
many users are served with how many data streams.
Generally there is a tradeoff.With increasing number
of data streams the sum rate increases up to the point,
where the precoding normalization loss 𝛼 overcomes
the multistream throughput gains. 𝛼 combines a
splitting loss due the partitioning of the 𝑇𝑥 power to
more streams and the loss for orthogonalization of the
data streams.

(v) For each user group and rank the optimum 𝑇𝑥- and
𝑅𝑥- beamformers for the BS and MSs have to be
derived.

(vi) As one of the last steps frequency dependent schedul-
ing of MS sets to PRBs or subcarriers has tomaximize
overall capacity, while ensuring at least proportional
fairness for allMSs. Taking all these 6 dimensions into
account, one can formulate the overall optimization
which must be done comprising

(a) cover shifts,
(b) user groups,
(c) precoder,
(d) postcoder,
(e) number of streams, and
(f) PRBs.

Obviously, the overall search space easily explodes even
for small number of MSs requiring a powerful heuristic
scheduling strategy.

A completely new score based scheduler has been imple-
mented taking advantage of the concepts presented in last
sections, that is, being limited to one single CA.The descrip-
tion of all applied scheduling strategies is beyond the scope
of this paper, but so far achieved results look very promising.
It was possible to serve 3 MSs per cell with reasonable data
rates, leading to a mean throughput of about 7 bit/s/Hz/cell
for an urban macro 4 × 2MIMO scenario. This is more than
a factor of 2 larger than what has been reported in 3GPP
for the same scenario as outcome of the CoMP study item
(3.1 bits/s/Hz/cell).

7. Conclusion

Interference mitigation in cellular mobile radio systems is a
challenging problem for the high number of interferers that
are potentially wide spread between far off BSs. Networkwide
cooperation iswell known to be extremely powerful in theory,
but practical feasible systems have to divide the network into
smaller cooperation areas (i.e., clusters). As a consequence
there will be inter cooperation area interference, spoiling
most of the gains observed for network wide interference
free transmission. To get back to similar performance as
for network wide cooperation we propose a framework
for interference mitigation, including oversized clusters and
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overlapping cooperation areas, interference floor shaping by
means of wideband beamformers, and a novel cooperative
score based scheduler. The performance of all that concepts
has been investigated by a software simulation framework
written in Matlab and by real world field trials made at the
TU-Dresden-LTE-Testbed.

The results indicate that the ideas can really be applied
in future networks with significant gains regarding the SIR/
SINR. For the future, further fine tuning is planned to reach
even higher gains.

Abbreviations

3GPP: 3rd generation partnership project
AE: Antenna element
BS: Cell
CA: Cooperation area
CDMA: Code division multiple access
CJP: Central joint processing
CoMP: Cooperative multi point transmission
CSI: Channel state information
CU: Central unit
FFP: Fractional frequency partitioning
ICI: Inter cell interference
ICIC: Inter cell interference coordination
IRC: Interference rejection combining
ISD: Inter site distance
JP: Joint precoding
JT: Joint transmission
LOS: Line of sight
LTE: Long term evolution
MIMO: Multiple input multiple output
MU-MIMO: Multi user MIMO
MS: Mobile station
NLOS: Non line of sight
OFDMA: Orthogonal frequency division multiple

access
pAE: Physical antenna element
PCR: Partial channel reporting
PRB: Physical resource block
PNL: Precoding normalization loss
SCME: Spatial channel model extended
SINR: Signal to noise and interference ratio
SIR: Signal to interference ratio
SISO: Single input single outpout
vAE: Virtual antenna element.
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Single-carrier-frequency division multiple access (SC-FDMA) has recently become the preferred uplink transmission scheme in
long-term evolution (LTE) systems. Similar to orthogonal frequency division multiple access (OFDMA), SC-FDMA is highly
sensitive to frequency offsets caused by oscillator inaccuracies and Doppler spread, which lead to intercarrier interference (ICI).
This work proposes a multistage decision-feedback structure to mitigate the ICI effect and enhance system performance in time-
variant environments. Based on the block-type pilot arrangement of the LTE uplink type 1 frame structure, the time-domain
least squares (TDLS) method and polynomial-based curve-fitting algorithm are employed for channel estimation. Instead of
using a conventional equalizer, this work uses a group frequency-domain equalizer (GFDE) to reduce computational complexity.
Furthermore, this work utilizes a dual iterative structure of group parallel interference cancellation (GPIC) and frequency-domain
group parallel interference cancellation (FPIC) to mitigate the ICI effect. Finally, to optimize system performance, this work applies
a novel error-correction scheme. Simulation results demonstrate the bit error rate (BER) performance is markedly superior to that
of the conventional full-size receiver based on minimum mean square error (MMSE). This structure performs well and is a flexible
choice in mobile environments using the SC-FDMA scheme.

1. Introduction

In recent years, cellular communication services, ranging
from traditional voice traffic to data transmission, the
data rate, and bandwidth efficiency of the wireless-network
physical layer have improved. The international mobile
telecommunications-advanced (IMT-Advanced) standard,
which is promoted by the international telecommunication
union (ITU), is 4th-generation (4G) mobile communication.
The highest data rate for 4G uplink and downlink is 50 Mbps
and 100 Mbps, and the highest bandwidth efficiency of
uplink and downlink is 6.75 bits/s/Hz and 15 bits/s/Hz [1],
respectively. Notably, IEEE 802.16 Worldwide Interoperabil-
ity for Microwave Access (WiMAX) orthogonal frequency
division multiple access (OFDMA) has become the physical
layer standard [2] on the uplink and downlink to meet
bandwidth efficiency requirements. However, OFDMA has
the disadvantage of a high peak-to-average-power ratio

(PAPR), which reduces power efficiency [3] of a power
amplifier (PA) and is not suitable for mobile users with
limited power. Therefore, the future 4G standard of the 3rd-
generation partnership project-long-term evolution (3GPP-
LTE) system will employ a relatively low PAPR transmission
scheme of a single-carrier frequency division multiple access
(SC-FDMA) [4–6] as the uplink physical layer standards [7–
9] to increase power efficiency.

The SC-FDMA system can be considered the first discrete
Fourier transform (DFT) precoded OFDM system, which is
similar to the traditional OFDM system. The performance
of the SC-FDMA system is decreased by the Doppler effect
in mobile time-variant environments. This effect destroys
the orthogonality of subcarriers, leading to intercarrier
interference (ICI). Moreover, the pilot arrangement of the
LTE uplink is block type, differing from the comb type of the
conventional OFDM system, such that channel estimation
methods are needed to amend.

mailto:jh.deng@saturn.yzu.edu.tw
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Some channel estimation methods with the block-type
pilot arrangement have been developed. In [10], Karakaya
proposed a Kalman-filter-based approach to mitigate ICI
under high Doppler spread scenarios by tracking variation in
channel taps and utilized an interpolation algorithm based
on polynomial fitting for channel estimation. However, the
ICI effect in highly mobile environments degrades system
performance. Notably, [10] did not focus on ICI cancellation
techniques in the frequency domain. In [11], Wang proposed
a single-user and multiuser channel estimation scheme. The
channel taps of each user can be estimated by the orthogonal
features of the designed constant amplitude zero autocorre-
lation (CAZAC) sequence. However, [11] assumed a non-
time-varying channel scenario; thus, this method cannot
be applied to high-speed mobile environments. In [12],
Zheng proposed an interpolation-based channel estimator
of the frequency domain and proved that interpolation of
the least squares (LS) method and that of the minimum
mean square error (MMSE) method are equivalent. In [13],
Zhang proposed a frequency-domain decision-feedback
equalizer and applied the Lagrange multiplier method to
replace general inverse-matrix operations. Compared with
the traditional decision-feedback equalizer (DFE), [13] is less
complex.

This work focuses on channel estimation and ICI can-
cellation techniques for receiver design. First, time-domain
least squares (TDLS) channel estimation is applied for the
block-type pilot arrangement. The curve-fitting estimator is
applied to interpolate missing channel information between
pilot symbols. Next, the low-complexity channel equalizer
of the group frequency-domain equalizer (GFDE) is then
applied. Furthermore, in considering the Doppler effect of
mobile time-variant environments, this work applies dual
iterative interference cancellation of group parallel interfer-
ence cancellation (GPIC) and frequency-domain group par-
allel interference cancellation (FPIC) to reduce the ICI effect.
Finally, this work proposes a novel error-correction scheme
to optimize system performance. Simulations demonstrate
that the proposed receiver design performs well and is a
flexible choice in mobile environments using the SC-FDMA
scheme.

The remainder of this paper is organized as follows.
Section 2 introduces the SC-FDMA model and time-variant
channel model. Section 3 divides the receiver design into five
parts. Section 3.1 is the TDLS channel estimation scheme and
the polynomial curve-fitting-based channel interpolation
method. Section 3.2 is the low-complexity GFDE. Sections
3.3 and 3.4 are the dual ICI cancellations by GPIC and
FPIC. Error correction, which consists of time-domain least
squares and group maximum likelihood, is achieved in
Section 3.5. Performance simulation results for the proposed
system are given in Section 4. Section 5 offers conclusions.

2. System Model

Figure 1 shows the structure of the SC-FDMA transceiver.
Constellation symbols of the pth user can be grouped into a

data block d(p) = [d(p)(0),d(p)(1), . . . ,d(p)(N − 1)]
T

.

Then, d(p) is transformed to the frequency domain using
the N-point fast Fourier transform (FFT):

c(p) = FN · d(p), (1)

where c(p) = [c(p)(0), c(p)(1), . . . , c(p)(N − 1)]
T

and FN is a
normalized FFT matrix, that is, FN · FHN = IN . Next, the kth
element c(p)(k) of c(p) is mapped onto the mth subcarrier
s(p)(m) as follows:

s(p)(m) =
⎧
⎨

⎩

c(p)(k), m ∈ Γ
(p)
N (k), 0 ≤ k ≤ N − 1

0, m ∈
(

Φ− Γ
(p)
N (k)

)

, 0 ≤ m ≤M −N − 1,

(2)

where Γ
(p)
N (k) denotes the resource allocation sets of the

localized and distributed subcarrier mapping of the pth user
shown in Figure 2, and Φ is a set of indices whose elements
are Φ = {0, 1, . . . ,M}. Resource allocation data block s(p) =
[s(p)(0), s(p)(1), . . . , s(p)(M − 1)]

T
is then acquired.

Following subcarrier mapping, s(p) is transformed into
the time domain using the M-point inverse fast Fourier
transform (IFFT):

t(p) = FHM · s(p), (3)

where t(p) = [t(p)(0), t(p)(1), . . . , t(p)(M − 1)]
T

and FHM is a
normalized IFFT matrix, that is, FM · FHM = IM . In this work,
we assume only one user exists, p = 1.

Then, the received signal over mobile fading channel can
be expressed as

ỹ(m) =
L−1∑

l=0

hl(m) · t̃(m− l) +w(m), 0 ≤ m ≤M − 1 + C,

(4)

where t̃ is the transmitted signal with cyclic prefix (CP)
insertion, C is CP length, hl(m) is the time-variant channel
response of the lth path at discrete sampling time m, L is
maximum delay spread, and w(m) is additive white Gaussian
noise (AWGN) with N(0, σ2

w). After removing the CP at the
receiver, the received signal can be written as

y = h · t + w, (5)

where w is the M × 1 noise vector, t is the M × 1 transmitted
signal, and h is an M ×M circulant matrix as follows:

h =

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

h0(0) 0 hL−1(0) · · · h1(0)

h1(1) h0(1) 0 hL−1(1) · · ·
...

...
. . . · · · · · ·

0 · · · hL−1(M − 1) · · · h0(M − 1)

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

.

(6)

3. The Proposed Multistage
Decision Feedback Receiver

To cancel the ICI effect caused by mobile environments,
the proposed multistage decision-feedback receiver design is
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analyzed. Figure 3 shows the block diagram of the multistage
decision-feedback receiver.

First, channel response is estimated by the TDLS [14].
The estimated channel response is utilized to facilitate
the multistage decision-feedback design, which has low
complexity, ICI cancellation, and improved data correction.
The details of these procedures are described and analyzed as
follows.

3.1. The Time-Domain Least Squares Algorithm. This section
describes the channel estimation scheme for estimating the
channel response between pilot symbols of two consecutive

slots within a frame. In the LTE uplink type 1 frame structure
with extended CP shown in Figure 4, a reference signal
is allocated in the fourth symbol in one slot with a total
of six symbols. The reference signal is the Zadoff-Chu
sequence with low autocorrelation sidelobes [15]. The pilot
arrangement in the LTE uplink is a kind of block-type
arrangement [9], meaning that pilot signals are inserted into
all subcarriers of the frequency domain.

In the following, TDLS estimation is analyzed. Figure 5
shows the block diagram of TDLS.

For time-invariant channel, the received pilot signal can
be expressed as

yP = Pcirc · h + w

=

⎡

⎢
⎢
⎢
⎢
⎢
⎣

P(0) P(M − 1) · · · P(M − L + 1)

P(1) P(0)
. . .

...
...

...
. . .

...
P(M − 1) P(M − 2) · · · P(M − L)

⎤

⎥
⎥
⎥
⎥
⎥
⎦

⎡

⎢
⎢
⎢
⎢
⎣

h0

h1
...

hL−1

⎤

⎥
⎥
⎥
⎥
⎦

+

⎡

⎢
⎢
⎢
⎢
⎣

w(0)
w(1)

...
w(M − 1)

⎤

⎥
⎥
⎥
⎥
⎦

,

(7)
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where Pcirc is an M × L circular matrix formed by the
pilot symbol p = [P(0),P(1), . . . ,P(M − 1)]T and h =
[h0,h1, . . . ,hL−1]T is L × 1 channel response vector with L
paths. In order to estimate the approximated time-variant
channel, the received pilot signal be rewritten as

yP ≈ Pcirc · have + w

≈

⎡

⎢
⎢
⎢
⎢
⎢
⎣

P(0) P(M − 1) · · · P(M − L + 1)

P(1) P(0)
. . .

...
...

...
. . .

...
P(M − 1) P(M − 2) · · · P(M − L)

⎤

⎥
⎥
⎥
⎥
⎥
⎦

⎡

⎢
⎢
⎢
⎢
⎣

have,0

have,1
...

have,L−1

⎤

⎥
⎥
⎥
⎥
⎦

+

⎡

⎢
⎢
⎢
⎢
⎣

w(0)
w(1)

...
w(M − 1)

⎤

⎥
⎥
⎥
⎥
⎦

,

(8)

where have = [have,0,have,1, . . . ,have,L−1]T is L × 1 average
channel response vector with L paths. Notably, have,i = 1/J ·
(hi(0) + hi(1) + · · · + hi(J − 1)) denotes the average channel
response within the consecutive J sampling period of the ith

y TDLS

Known
pilot

symbol

...
... interpolation

have

ĥ

H̃

p

FFTCurve-fitting

Figure 5: The TDLS block diagram.

path. To increase the effectiveness of the channel response, yP
and Pcirc can be expressed as

yK =
[
yP(K), yP(K + 1), . . . , yP(K + J − 1)

]T , (9)

PK = Pcirc(K : K + J − 1, 1 : L), (10)

where yP(K) is the Kth element of the received pilot vector
yP and K = 0, 1, . . . ,M − J − 1 denotes the group number.
Pcirc(K : K + J − 1, 1 : L) represents the submatrix from the
Kth row to the (K+J−1)th row and the 1st column to the Lth
column of matrix Pcirc. Next, the average channel response
L× 1 vector have(K) of group K can be obtained as

have(K) = [
have,0(K),have,1(K), . . . ,have,L−1(K)

]T

=
(

PH
K · PK

)−1 · PH
K · yK .

(11)

In rearranging the average channel response vector above, we

define h̃ave = [have(0), have(1), . . . , have(M− J − 2)] as the L×
(M−J−1) channel response matrix within the pilot symbol.
After obtaining the channel response within the pilot symbol,
this work utilizes a polynomial curve-fitting scheme based
on the linear model estimator [10] to interpolate the missing



International Journal of Antennas and Propagation 5

Curve fitting

Real channel

Time-domain LS

Data blocks

Reference signalReference signal

0.25

0.2

0.1

0.15

0.05

0

−0.05

−0.1

A
m

pl
it

u
de

0 200 400 600 800 1000 1200
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channel information between pilot symbols in Figure 4. The
linear model [16] of fading channel profile can be expressed
as

Ξl = Σ ·Θl, (12)

where Ξl = [ĥl(mi,0), . . . , ĥl(mi,M−J−1), ĥl(mj,0), . . . , ĥl
(mj,M−J−1)]T denotes the lth path response of h̃ave under two
consecutive pilot symbols of the (i, j) time slots with size

2(M−J−1)×1; ĥl(mi,a) is the channel response of the lth path
derived from the TDLS; mi,a is the ath time instant of the ith
time slot, where a = 0, . . . ,M − J − 1. The relation between
time slot (i, j) and mi,a is shown in Figure 6; Σ = [vTi vTj ]

T
is

a 2(M − J − 1) × v matrix consisting of two Vandermonde

matrices, where vi(k,μ) = m
μ−1
i,k and vj(k,μ) = m

μ−1
j,k can be

the composited elements of time instants k = 0, . . . ,M−J−1;
polynomial orders μ = 1, . . . , v, (i, j) represent time slots.
Θl = [θl(1), . . . , θl(v)]T is a v × 1 vector of polynomial
coefficients of the lth path. Next, the polynomial coefficients
can be obtained by the least squares solution:

Θ̂l =
(

ΣT · Σ
)−1 · ΣT · Ξl . (13)

Therefore, the channel response ĥlCF(m) of polynomial-based
curve-fitting between two consecutive pilot symbols can be
approximated as

ĥlCF(m) =
v∑

μ=1

θ̂l
(
μ
) ·mμ−1, mi,M < m < mj,1. (14)

Thus, the MSE performance of curve-fitting channel estima-
tion can be defined as

MSE = 1
L

∑

l

1
M

∑

m

∣
∣
∣hl(m)− ĥlCF(m)

∣
∣
∣

2
, (15)

where hl(m) is the ideal channel response of the mth time
instant of the lth path. After estimating the channel impulse
response, this work reconstructs the frequency domain
channel response matrix H̃ [17] as

H̃ =

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎣

H̃0,0 H̃0,1 · · · H̃0,M−1

H̃1,0
. . . · · · H̃1,M−1

... · · · . . .
...

H̃M−1,0 · · · H̃M−1,M−2 H̃M−1,M−1

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎦

=FM ·

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

ĥ0
CF(0) 0 ĥL−1

CF (0) · · · ĥ1
CF(0)

ĥ1
CF(1) ĥ0

CF(1) 0 ĥL−1
CF (1) · · ·

...
...

. . . · · · · · ·
0 · · · ĥL−1

CF (M−1) · · · ĥ0
CF(M−1)

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

.

(16)

Moreover, MSE performance of curve fitting depends on the
polynomial order v and time interval J . In particular, the size
of variable J directly affects the performance of curvefitting.
For two extreme examples, Figures 6 and 7 show the real-part
mobile channel responses with the size of J = 4 and J = 100,
respectively. In case of J = 4 and M = 128, M − J − 1 = 123
estimated channel responses by TDLS are obtained, and the
variation between the TDLS channel and the real channel is
larger. But the bias between the curve-fitting channel and the
real channel is smaller. Contrarily, in case of J = 100 and
M = 128, M − J − 1 = 27 estimated channel responses
by TDLS are obtained, and the variation between the TDLS
channel and the real channel is smaller. However, the bias
between the curve-fitting channel and the real channel is
larger. Such as the previous examples, the tradeoff between
size of J and curve fitting should be considered. To optimize
the performance of channel estimation, more details will be
discussed in simulation results.

3.2. Group Frequency Domain Equalizer. This section de-
scribes the GFDE of the first stage. In a time-variant environ-
ment, H̃ is a sparse frequency-domain channel matrix whose
energies centralize at diagonal elements; as the farther from
the diagonal line the gain of elements decreases. Therefore,
this work applies the GFDE to reduce the ICI effect and
computational complexity. Figure 8 shows the block diagram
of the GFDE.

First, frequency domain signal vector x with size N × 1
is derived from the subcarrier demapping of signal vector
u. Then, x is divided into G = N/D groups shown in
Figure 8. Each group xg with size D × 1 can be expressed as

xg ≈ H̃g · cg + w̃g , (17)

where xg = [x(gD), x(gD + 1), . . . , x(gD +D − 1)]T , cg =
[c(gD), c(gD + 1), . . . , c(gD +D − 1)]T , g = 0, 1, . . . ,G − 1,
w̃g is the relative AWGN with respect to the group xg , and

H̃g = H̃N (gD : gD +D− 1, gD : gD +D− 1) denotes the gth

block matrix of H̃N = H̃(Γ(1)
N : end,Γ(1)

N : end). Then, data
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detection zg can be obtained roughly by the group minimum
mean square error (GMMSE)

zg = K̃MMSE
(
g
) · xg , (18)

where

K̃MMSE
(
g
) =

(

H̃H
g · H̃g + ID/ρ

)−1 · H̃H
g , (19)

where ID is aD×D identity matrix and ρ is the noise variance
of w̃g . In the first stage, data detection zg of the GFDE suffers

the ICI effect of marginal elements of the group block of H̃N .
In the following second stage, the ICI effect of group xg is
mitigated.

3.3. The Group Parallel Interference Cancellation of Frequency-
Domain Soft-Decision Feedback. In the previous section,
GFDE is applied to reduce computational complexity and
equalize the channel effect. However, the performance

degradation of GFDE is caused by the loss of some channel
information:

=
gD.gD−1

D+1,gD−1

D,gD

D+1,gD D+1,gD+1

D,gD+1 D,gD+2

D+1,gD+2

Marginal ICIMarginal ICI

H̃

gH̃

gH̃

gH̃

gH̃

gH̃gH̃
H̃N

(20)

For example D = 2 in (20), the GFDE equalizes the
channel effect of the dotted circle. Due to the characteristic
of the sparse frequency-domain channel matrix H̃N , the
marginal ICI close to the diagonal of the solid circle still has
larger energies and affects the system performance. In order
to mitigate the marginal ICI effect, the GPIC of frequency
domain soft decision feedback is applied in this section.
Figure 9 shows the block diagram of GPIC.

The GPIC is an iterative decision feedback structure
shown in Figure 9. In the first loop (n = 1), let z̃ =
[zT0 , zT1 , . . . , zTG−1]

T
of size N × 1 be the initial decision; then,

signal x̃g can be derived by marginal ICI cancellation

x̃g = xg − z̃
(
gD − 1

) · H̃N
(
gD : gD +D − 1, gD − 1

)

︸ ︷︷ ︸

marginal ICI

− z̃(gD +D
) · H̃N

(
gD : gD +D − 1, gD +D

)

︸ ︷︷ ︸

marginal ICI

,

(21)
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where z̃(gD−1) and z̃(gD+D) are the (gD−1)th and (gD+
D)th elements of z̃, respectively. Next, zg is derived by the
GFDE

zg = K̃MMSE
(
g
) · x̃g , g = 0, 1, . . . ,G− 1. (22)

While the loops are equivalent or larger than 2 (n ≥ 2), let

z̃ = z = [zT0 , zT1 , . . . , zTG−1]
T

be the decision data and redo
(21) and (22) to refine signal z̃. After iterative processing,

the decision data d̂1 = [d̂1(0), d̂1(1), . . . , d̂1(N − 1)]T can be
derived by

d̂1 = dec
(

FHN · z
)

. (23)

3.4. The Group Parallel Interference Cancellation of Time-
Domain Hard-Decision Feedback. The parallel interference
cancellation (PIC) [18] can be applied to improve data
accuracy and leads the initial decision to be more reliable.
In this section of the third stage, this work utilizes the FPIC
of time-domain hard-decision feedback to mitigate the ICI
effect further. Figure 10 shows the block diagram of FPIC.

In the first loop (n = 1) of the third stage, the ICI term

ICIi of the ith subcarrier signal can be reconstructed by d̂1( j)

ICIi = H̃N · FN ·
[

d̂1(1) · · · d̂1(i) = 0 · · · d̂1(N − 1)
]T
.

(24)

Next, the ICI term ICIi is subtracted from the subcarrier
de-mapping signal x, and signal xi can then be acquired

xi = x − ICIi

≈ H̃N · fi · d̂1(i) + w̃N (i)

= hi · d̂1(i) + w̃N (i),

(25)

where fi = FN (0 : N−1, i) is the ith column vector of FN , hi =
H̃N · fi denotes the ith composite channel vector, and w̃N (i)
is AWGN with respect to xi. The output ẑ(i) of the MMSE
equalizer is given by

ẑ(i) = kMMSE(i) · xi,

kMMSE(i) =
(

h
H
i · hi +

1
ρ

)−1

· h
H
i .

(26)

The decision output d̂2 of ẑ = [ẑ(0), ẑ(1), . . . , ẑ(N − 1)]T can
be derived by

d̂2 = dec
(

FHN · ẑ
)

. (27)

Next, this work applies the iterative process when loops
are equivalent or larger than 2 (n ≥ 2). Let d̂2 replace d̂1 and
reapply (24)–(27) to improve decision reliability.

3.5. Error Correction Consisting of Time-Domain Least
Squares and Group Maximum Likelihood. In this section, this
work proposes a novel error-correction scheme on the fourth
stage. Figure 11 shows the block diagram of error correction.

After obtaining decision data d̂2, let d̂2 conduct SC-
FDMA modulation equation (1)–(3) to construct the trans-
mitted signal D = [D(0),D(1), . . . ,D(M − 1)]T . Equation
(10) can be rewritten as

DK = Dcirc(K : K + J − 1, 1 : L), (28)

where Dcirc is circular matrix formed by the signal D. Then,

the reconstructed channel ĥData(K) can be expressed in the
following from (11):

ĥData(K) =
(

DH
K ·DK

)−1 ·DH
K · yK . (29)

In rearranging the reconstructed channel response vector

above, we define h̃Data = [ĥData(0), ĥData(1), . . . , ĥData(M −
J − 2)] as the L × (M − J − 1) channel response matrix of
each path within the data blocks. We assume FFT size is 128
and the occupied subcarrier number of the desired user is 72.
Figure 12 shows the reconstructed real-part channel impulse
response.

It is obviously to find the burst error of the reconstructed

channel h̃Data when decision data d̂2 errors. To find the
subcarrier set Ωi of the decision error according to the
burst error of the channel, this work builds a lookup table
using a histogram-based approach. The subcarrier set Ωi of
decision error is derived by dividing occupied subcarriers
of the desired user into 12 blocks; each block has the same
size—P = 6. Table 1 shows the lookup table of the burst error
location between the channel and decision data.
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Figure 12: The reconstructed real-part channel response.

Additionally, this error correction scheme is only suitable
for a high signal-to-noise ratio (SNR), that is, Eb/N0 ≥ 25 dB,
because the performance of the TDLS is sensitive to the

SNR. The following presents the details of the proposed error
correction scheme.

(1) Let d̂2 conduct SC-FDMA modulation and use the
received signal to reconstruct the channel impulse

response ĥlData by the TDLS, where ĥlData denotes the

lth path of the reconstructed channel h̃Data between
two consecutive pilot symbols, and l = 0, 1 . . . ,L− 1.

(2) Compare ĥlData with ĥlCF of curving fitting, then find
the range of the error burst

index = find(Δh ≥ ε), (30)

where Δh = (1/L)
∑L−1

l=0 |ĥlCF − ĥlData|, index denotes
the location of the error burst, and ε = 10% is
the percentage of channel difference. If no channel
difference exists under the condition Δh ≥ ε, skip
error correction. Conversely, one must identify the
position of maximum error burst.

indexmax = max(Δh(index)). (31)

(3) Find subcarrier set Ωi of decision error with respect
to indexmax by Table 1.

(4) In this step, a localized maximum-likelihood (ML)
search is applied to correct decision data of subcarrier
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Table 1: Lookup table of burst error location.

Channel
location of
burst error

Subcarrier set
Ωi of decision

error

Channel
location of burst

error

Subcarrier set
Ωi of decision

error

1−11 Ω0 = 1−6 67−74 Ω6 = 37−42

12−21 Ω1 = 7−12 75−85 Ω7 = 43−48

22−32 Ω2 = 13−18 86−96 Ω8 = 49−54

33−43 Ω3 = 19−24 97−105 Ω9 = 55−60

44−55 Ω4 = 25−30 106−116 Ω10 = 61−66

56−66 Ω5 = 31−36 117−128 Ω11 = 67−72

sets {Ωi−1,Ωi,Ωi+1}. The technical procedures of the
localized ML are as follows:

d̂3 = d̂2

for k = i− 1 : i + 1,

d̂3(Ωk) = arg min
d̂3(Ωk)∈ΨML

⎛

⎝
1
L

L−1∑

l=0

∥
∥
∥
∥ĥ(l)

CF − ĥ(l)

Data,d̂3(Ωk)

∥
∥
∥
∥

2
⎞

⎠

end,

(32)

where ΨML is a set of all possible transmit symbol vectors
that consists of QP elements, P is the subcarrier size of
Ωi, Q are constellation points, and ĥ(l)

Data,d̂3(Ωk)
denotes the

reconstructed channel response, which is constructed by the

TDLS with respect to candidates d̂3(Ωk).
After applying the above error-correction scheme, let d̂3

replace d̂2 and redo steps 1–4. The iterative structure can be
used to optimize the performance of data accuracy.

4. Simulation Results

Based on the previous analyses, simulations are performed to
assess the performance of the proposed multistage decision-
feedback equalization schemes for LTE uplink systems.
Table 2 lists the parameter settings of the simulation
environment.

First, this work discusses the MSE performance of the
time-varying channel estimation of the TDLS. The MSE
performance depends on the polynomial order v and time
interval J . Figure 13 shows the MSE performance of TDLS
with different size v. It is obvious that the MSE performance
varies with size of polynomial v and Eb/N0 range. Based on
the rule of thumb of the simulation result in Figure 13, the
adaptive order v with different Eb/N0 range can be expressed
as

v =

⎧
⎪⎪⎨

⎪⎪⎩

2, Eb/N0 = 0∼12.5 (dB)

3, Eb/N0 = 12.6∼25 (dB)

4, Eb/N0 = 25.1∼50 (dB).

(33)

Based on the adaptive order v in (33), Figure 14 shows
the MSE performance of TDLS with different size J . When

Table 2: System parameter settings.

Carrier frequency 2.0 GHz

Bandwidth 1.4 MHz

Sample rate 1.92 MHz

Occupied subcarrier 72

IFFT (Tx)/FFT (Rx) size 128

CP length 32

Velocity 350 Km/Hr

Modulation type QPSK

Pilot sequence Zadoff-Chu sequence

Jake’s model,

Channel model 4-path equal gain,

tap delay [0,5,10,15]
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Figure 13: The MSE performance of TDLS in different cases of size
v.

time interval is J ≤ 12, MSE performance increases as
time interval J increases. However, when time interval J is
too large (J ≥ 100), group number K is not sufficient to
support the need for statistical curving fitting; thus, MSE
performance decreases. According to the simulation result
in Figure 14, the optimum selection of the time interval size
J = 12 is considered.

To demonstrate the effect of block size D of the GFDE in
the second simulation, the performance of GFDE improves
when block size D is large, which is shown in Figure 15. At
BER = 2×10−4 of GFDE, gain losses are about 2 dB and 1 dB
for D = 4 and D = 8, respectively, as compared to the full-
size MMSE equalizer. To reduce computational complexity,
the suitable block size of GFDE is D = 4.

Figure 16 shows the BER performance of cascades of
multistage equalizers. Obviously BER performance can be
improved by increasing the number of stages. The perfor-
mance of the proposed GFDE (D = 4) and GPIC can
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J .
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approach that of the full-size MMSE equalizer below Eb/N0 =
20 dB. To enhance performance, the proposed FPIC and
error-correction schemes are employed. The performance of
the overall receiver design (D = 18) is improved by about 1-
2 dB, as compared with that of the full-size MMSE equalizer
in Figure 16.

Furthermore, the comparison of computation complex-
ity of proposed receiver and full-size MMSE receiver is
analyzed in the following. In the first stage of GFDE scheme
equations (18)-(19), the number of complex multiplication
is computed about O(D3 + 2D2). In the second stage of
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B
E

R
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10−4

Eb/N0 (dB)

GFDE D = 4
GFDE D = 4 and GPIC
GFDE D = 4 and GPIC and FPIC
GFDE D = 4 and GPIC and FPIC and error correct
GFDE D = 8 and GPIC and FPIC and error correct
GFDE D = 18 and GPIC and FPIC and error correct
Full MMSE

BER performance TDLS curve fitting under mobile velocity
350 km/hr

Figure 16: The BER performance of cascades of multistage
equalizers.

GPIC scheme equations (21)–(23), the number of complex
multiplication is computed about O(D3 + 2D2 + 2D +
N log2N). In the third stage of FPIC scheme equations

(24)–(27), it involves the advantage of d̂1( j) with the fixed
values (i.e., QPSK symbol: ±1 ± j). Therefore, the complex
multiplication can be reduced for the ICI reconstruction
and the number of complex multiplication of FPIC is
computed aboutO(N2 +3N+N log2N). In the fourth stage of
error-correction scheme, it includes SC-FDMA modulation
equation (3), channel reconstruction equation (29), and ML
search equation (32); the number of complex multiplication
can be computed about O(M log2M + (M − J − 1)(L3 +
L2 + LJ) + 3(M − J − 1)L). Besides, the number of complex
multiplication of the full-size MMSE is computed about
O(M3).

For example, considering the case (GFDE D = 18 and
GPIC and FPIC and error correct) in Figure 16 with N = 72,
M = 128, D = 18, L = 4, and J = 12, the number of complex
multiplication of the proposed receiver is determined about
242, 360. And considering the full-size MMSE receiver with
M = 128 in Figure 16, the number of complex multiplication
is calculated about 2,097,152. It is obviously that the
proposed multistage receiver can provide the advantage of
the lower computation complexity than the full-size MMSE
receiver.

5. Conclusions

This work proposes a multistage decision-feedback receiver
design for LTE uplink systems. First, TDLS channel
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estimation is applied for block-type pilot arrangement;
then the curve-fitting estimator is applied to interpolate
missing channel information between pilot symbols. The
low-complexity channel equalizer GFDE is employed. Fur-
thermore, in considering the Doppler effect of mobile
time-variant environments, this work employs dual iterative
interference cancellation by GPIC and FPIC to mitigate
the ICI effect. Finally, the novel error-correction scheme
combining TDLS and group maximum likelihood is applied
to optimize the system performance. Simulation results
demonstrate that the performance of proposed channel
estimation scheme is good when a suitable time interval J and
polynomial order v are chosen. Due to the properties of each
stage, the proposed receiver design markedly improves BER
performance. This multistage design is more flexible than
traditional structure and feasible for mobile time-variant
environments.
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The high spectrum efficiency of multiple-input multiple-output (MIMO) transmission traditionally depends on the high
multiplexing gain in rich scattering environments, which will not always hold in the line-of-sight (LOS) environments, especially at
higher microwave frequency band. In this paper, a novel antenna array design rule is proposed to guarantee full multiplexing gain
for LOS-MIMO systems with one- or two-dimensional antenna arrays in LOS scenarios, and the strict perpendicular constraint
is released in the two-dimensional case. The minimum antenna array area and the performance sensitivity to the area error
are also obtained to guide the practical system design. Then, a demo MIMO-OFDM system with the designed square antenna
array at 15 GHz carrier is implemented on a novel Gigabit Ethernet (GE) switch-based software defined radio (SDR) platform,
which combines the hardware accelerating units (HAUs) with the general-purpose processors (GPPs). The field evaluation results
show that the system throughput and spectrum efficiency are greater than 1 Gbps and 15 bps/Hz, respectively. To the best of our
knowledge, it is the first time to demonstrate the Gbps LOS-MIMO-OFDM system at such microwave bands in the world, which
can be a successful design example for the next generation wireless backhaul or fixed wireless access.

1. Introduction

With the rapid development of modern cellular network and
the explosion of mobile internet, the next generation cellular
network is defined to provide higher user data rate than
before, which requires the capacity of the backhaul network
to improve accordingly, including the wireless backhaul
in cases where it is hard to find the fiber. Traditional
wireless backhaul is point to point with SISO antenna
at microwave frequency. Cross polarization interference
cancelation (XPIC) is often used to double the capacity with
multiplexing gain of 2, but still not enough to catch up with
the next generation backhaul.

There are some possible solutions to the problem. One
is to use wider bandwidth at even higher frequency band
[1]. Though the throughput of such system can be times
of traditional microwave system, the modulation order is
often limited due to the enlargement of phase noise. In
[2], only QPSK is used for 60 GHz frequency, which results

in low spectrum efficiency. Another way is to increase
the multiplexing gain by MIMO technology including
antenna polarization [3, 4]. Theoretically, the capacity can
be increased unlimitedly with enough antennas when the
channel state information is known at the transmitter, but
it should be noted that the dimension of the antenna array
will be a big problem for large antenna arrays. Some previous
work [5–7] use these two technologies together, MIMO at
millimeter wave frequency, to get both the multiplexing gain
and wider bandwidth, but the spectrum efficiency is still low
compared with MIMO system at microwave frequency.

In wireless backhaul, the channel is quasistatic LOS.
Some previous works have come down to antenna array
design for LOS-MIMO. Reference [8] analyzed the optimal
condition for uniform linear array (ULA), and a 40-GHz
LOS-MIMO system is presented in [9] using ULA. The
antenna arrays are extended to square and rectangle in [10,
11], but the two axes for the array should be perpendicular.
This paper gives a more general rule to achieve optimal
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channel matrix (or maximum channel capacity) for one-
and two-dimensional antenna arrays without perpendicular
requirement. Also, the minimum area of antenna arrays is
derived for optimal LOS-MIMO channel design based on our
optimal rule. Further on, the impact of the array area error
on channel capacity and channel matrix’s condition number
is analyzed to give a guideline for practical system design.

Based on the derived optimal condition of antenna
array for LOS-MIMO, we design a high capacity fixed radio
system using square antenna array symmetrical at both
transmitter (Tx) and receiver (Rx). MIMO-OFDM, one of
the most widely used technologies, is used as the basic
transmission scheme, and the relatively more severe phase
noise at microwave band is considered in channel estimation.

Usually, high capacity MIMO system needs complex
signal processing which prefers a flexible, adaptable, pro-
grammable, and powerful SDR platform [12]. General-
purpose processor- (GPP-) based platforms [13–15] have
great adaptability and programmability, but the throughput
is often limited due to the lack of real-time signal processing
capacity. In contrast, SDR platforms based on hardware
accelerating units (HAUs), for example, field programmable
gate arrays (FPGAs), can provide strong ability for real-time
signal processing but with relatively poor programmability.
In this paper, a GE switch-based SDR platform for Gbps
radio system is presented, which takes the advantages from
both HAUs and GPPs to achieve good real-time processing
performance with good adaptability and flexibility. Also,
the HAU resources can be flexibly scheduled by choosing
MIMO-OFDM as a transmission scheme and GE as a
platform interface.

The field evaluation verifies our design rule for LOS-
MIMO antenna array, with the performance of up to Gbps
throughput and 15 bps/Hz spectrum efficiency. Also, the
spectrum efficiency can be doubled to 30 bps/Hz by cross-
polarized antenna array without dimension increasing.

The remainder of this paper is organized as follows.
We give the antenna array design rule for LOS-MIMO and
sensitivity analysis in Section 2. The MIMO-OFDM-based
LOS-MIMO Gbps radio system is presented in Section 3. A
GE switch-based SDR platform and the implementation of
the proposed Gbps system are given in Section 4. Field evalu-
ation results are shown in Section 5. Finally, conclusions and
discussions for future work are drawn in Section 6.

2. Antenna Array Design

2.1. Chanel Model and Capacity for LOS-MIMO. Consider
a quasistatic LOS-MIMO channel with both antenna arrays
at Tx and Rx side with the origins at (0, 0, 0) and R0 =
(0, 0, L) as shown in Figures 1 and 2. The coordinates for
N Tx antennas and M Rx antennas are ti = (ti,x, ti,y , ti,z), i =
1, . . . ,N and ri +R0 = (ri,x, ri,y , ri,z +L), i = 1, . . . ,M, where L
is the distance between Tx and Rx. The distance for antenna
pair (i, j) is di j = ‖ti−r j−R0‖. It is reasonable to assume that
the distance between intra-array elements is much smaller
than that between Tx and Rx array, so we have di j ≈ L.

When pure LOS is considered, the channel from the ith
Tx antenna to the jth Rx can be written as follows:

Hij = D
(

di j
)

exp
(

− j 2π
λ
di j

)

≈ D(L) exp
(

− j 2π
λ
di j

)

,

(1)

where D(L) is the attenuation factor at transmission distance
L. For a certain distance L, D(L) is a constant for all antenna
pairs, so it is omitted for the following capacity analysis.

Assuming M ≥ N , the MIMO capacity under flat fading
can be expressed as follows [16]:

C =
N∑

i=1

log2(1 + λiSNR), (2)

where λi = eig(HHH) is the eigenvalue of HHH.
To optimize the channel capacity, the optimal channel

matrix property is studied here. Let W = HHH, then

Wkn =
M∑

m=1

HH
mkHmn =

M∑

m=1

exp
(

j
2π
λ

(dmk − dmn)
)

=
M∑

m=1

exp

(

j
2π
λ

d2
mk − d2

mn

dmk + dmn

)

=
M∑

m=1

exp
(

j
2π
λ

〈tk, tk〉−〈tn, tn〉+2〈rm+R0, tn−tk〉
dmk + dmn

)

,

(3)

where 〈·, ·〉 denotes the inner product of two vectors.
Assuming Tx antenna array is in x − y plane, as depicted in
Figures 1 and 2, ti,z = 0, and di j = L, so we have

Wkn≈exp
(

jπ
〈tk, tk〉−〈tn, tn〉

λL

) m∑

m=1

exp
(

j2π
〈rm, tn−tk〉

λL

)

.

(4)

The conditions for the channel to achieve its maximum
are

C = Cmax ⇐⇒
∀k /=n, Wkn = 0 ⇐⇒

∀k /=n,
M∑

m=1

exp
(

jπ
〈rm, tn − tk〉

λL

)

= 0.

(5)

Equation (5) shows that to make the Tx and Rx array
parallel and perpendicular to the transmission direction (z-
axis) can reduce the size of antenna array, but it is not a
necessary condition to achieve optimal capacity.

2.2. One-Dimensional Linear Array. The one-dimensional
linear array case is shown in Figure 1 with equal spacing at
both Tx and Rx side, where vt(vr) is the Tx(RX) vector with
amplitude of Tx(Rx) array spacing and orientation of Tx(Rx)
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array direction. Then, we have tn − tk = (n− k)vt, and (5) is
reduced to

∀n ∈ {±1, . . . ,±N − 1},
M∑

m=1

exp
(

j2πn
〈rm, vt〉
λL

)

= 0.

(6)

One sufficient condition for (6) can be found as follows:

〈rm, vt〉
λL

= (m− 1)p
N

, (7)

where gcd(p,N) = 1,M = kN , p, k ∈ Z+.
With the validity of (7), the sum in (6) is the sum of all

the (N/gcd(n,N))-th complex root of 1, which should be 0.
Here, gcd(·, ·) denotes the greatest common divisor for two
positive integers.

Now let us consider the most compact linear array design
with MIMO multiplexing gain of N . Let p = 1 and M = N ,
we get 〈vr, vt〉 = λL/N . It is obvious to set the two arrays
parallel to make the minimum antenna separation product
(ASP) [4] ‖vr‖.‖vt‖ = λL/N . Let Rt and Rr be the lengths
of antenna arrays at Tx and Rx, then we have the optimal
condition:

RtRr = (N − 1)2

N
λL. (8)

In case of equal size at Tx and Rx, from (8) we get the
optimal array length as follows:

Rt = Rr = (N − 1)

√

λL

N
. (9)

2.3. Two-Dimensional Array. The two-dimensional antenna
array case is shown in Figure 2, where Tx array is placed at
x − y plane with N1 × N2 elements and Rx array at x′ − y′

plane with M1 × M2 elements. And the array elements are
renumbered as follows:

tn1,n2 = (n1 − 1)vt1 + (n2 − 1)vt2 ,

rm1,m2 = (m1 − 1)vr1 + (m2 − 1)vr2 ,
(10)

where vt1 , vt2 and vr1 , vr2 are the two-dimensional extensions
of one-dimensional vt, vr with the similar definition. Note
that when tn1,n2 − tk1,k2 = (n1 − k1)vt1 + (n2 − k2)vt2 , (5) can
be rewritten as follows:

∀ni ∈ {0,±1, . . . ,±Ni − 1}, i = 1, 2, and n1n2 /= 0,

M1−1∑

m1=0

exp

(

j2πn1m1

〈
vt1 , vr1

〉

λL

)

exp

(

j2πn2m1

〈
vt1 , vr2

〉

λL

)

·
M2−1∑

m2=0

exp
(

j2πn1m2
vt2 , vr1

λL

)

exp
(

j2πn2m2
vt2 , vr2

λL

)

=0.

(11)

Set n1 = 0, n2 = 0, respectively, we get the necessary
conditions:

∀ni ∈ {1, . . . ,Ni − 1}, i = 1, 2,

M1−1∑

m1=0

exp

(

j2πnim1

〈
vt1 , vri

〉

λL

)M2−1∑

m2=0

exp

(

j2πnim2

〈
vt2 , vri

〉

λL

)

= 0.
(12)

When 〈vt1 , vr2〉 = 〈vt2 , vr1〉 = 0, 〈vt2 , vr2〉〈vt1 , vr1〉 /= 0 (or
〈vt2 , vr2〉 = 〈vt1 , vr1〉 = 0, 〈vt1 , vr2〉〈vt2 , vr1〉 /= 0), (12) can be
further simplified to

∀ni ∈ {1, . . . ,Ni − 1},
Mi−1∑

mi=0

exp
(

j2πnimi
〈vti, vri〉
λL

)

= 0, i = 1, 2.
(13)

Equation (13) is similar to the one-dimensional case.
The one sufficient condition for two-dimensional array case
can be concluded as follows: (1) the first dimension of
Tx/Rx and second dimension of Tx/Rx satisfy optimal linear
array condition respectively, (2) the first dimension of Tx
is orthogonal to the second dimension of Rx, and so as the
second dimension of Tx and the first of Rx.

Consider the most compact array design and equal
number of elements at Tx and Rx, pi = 1,Mi = Ni, the array
area satisfies

StSr
λL

= (N1 − 1)2(N2 − 1)2

N1N2
, (14)

where St and Sr are the array area of Tx and Rx, respectively.
In case of symmetrical array at Tx and Rx, the array area
yields to St = Sr = ((N1 − 1)(N2 − 1)/

√
N1N2)λL.
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Figure 3: Channel condition number versus antenna array area.
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Figure 4: Channel capacity versus antenna array area.

From (14), the multiplexing gain is StSr/(λL)2 at largeNi,
which is in accordance with the result in [10]. The result here
is more general than in [10], which there is no perpendicular
requirement for the two-dimensional array itself, so it leaves
the flexible shape choice, from any parallelogram, to the
system designer.

As a practical example, Table 1 shows the minimum array
area for some typical array configurations when symmetrical
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Figure 6: Frame structure of one super frame.

array is used. The frequency and transmission distance are
15 GHz and 2 km, respectively.

2.4. Sensitivity Analysis for Array Area. From previous sec-
tions, we know the optimal parameters, but it is reason-
able to encounter some deviations from installation and
manufacturing in practice, especially for the antenna array
area. It is necessary to do the sensitivity analysis to see
the robustness of the derived rule. For high capacity fixed
wireless access application, we generally focus on high SNR
regime. Different SNR conditions are compared in the
sensitivity analysis of array area.

As for performance measurement, the condition number
of channel matrix and channel capacity are adopted. The
condition number of channel matrix H is denoted as
cond(H), which is the ratio of the maximum and minimum
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Table 1: Minimum array area for different configurations.

Antenna array 2× 2 2× 3 3× 3 2× 5 2× 7 3× 5 3× 7 2× 11 5× 5

Minimum area (m2) 20 32.7 53.3 50.6 64.1 82.6 104.7 85.3 128

singular values of H. In LOS-MIMO case, the optimal
channel corresponds to cond(H) = 1, and the large
condition number leads to lower channel capacity.

The simulation results of sensitivity analysis for the
condition number and capacity due to array area deviation
are shown in Figures 3 and 4 under the conditions of 15 GHz
frequency band, L = 2 km, SNR = 30 dB, and equal to array
size at Tx and Rx. The ratio of actual area to the optimal
minimum area is used as the analyzing parameter and
different array configurations are considered. In Figure 5, the
same performance items are shown with different SNR values
from 15 dB to 30 dB for typical 4 × 4 array.

The results show that the condition number and capacity
are insensitive to area deviation for most array configu-
rations, but the performance degradation increases with
more antenna elements. Take 90% of optimal capacity as a
threshold, the tolerable ranges of area deviation ratio for 2×2
and 5 × 5 arrays are (0.46, 1.54) and (0.71, 1.2), respectively
at SNR = 30 dB. From Figure 5, it can be seen that the
area tolerance ranges are very close for different SNRs, which
means that the proposed design rule is also not sensitive to
SNR. Another interesting finding is that for 2 × 2 and 4 × 4
array, the optimal capacity can also be achieved when actual
area is 3 times of the minimum optimal ones, and for 3 × 3
and 5×5, 2 times of minimum optimal areas are still optimal.
These are due to the relatively prime property of p and N in
these cases as in (7).

3. MIMO-OFDM-Based
LOS-MIMO Gbps System

MIMO systems provide an additional spatial dimension
for wireless communications and yield a degree-of-freedom
gain. These additional degrees of freedom lead to obvious
capacity increase: for a system with N transmit and receive
antennas, respectively, the capacity increase is proportional
to N . Meanwhile, orthogonal frequency division multi-
plexing (OFDM) modulates the information on parallel
subcarriers in the frequency domain. It has a distinct
advantage in antifading ability than traditional single-carrier
technologies.

Therefore, MIMO-OFDM [17, 18], which combines
MIMO and OFDM technologies, is considered as the
physical layer scheme in our Gbps radio system, due to its
distinct advantages in many aspects of system performance
such as system capacity, spectral efficiency, and antifading
ability.

3.1. Main Parameters. To achieve 1 Gbps throughput, the
system occupies 2×33 MHz bandwidth at 15 GHz frequency
band. For each 33 MHz bandwidth, a 4×4 MIMO subsystem

Table 2: General link level parameters.

Parameters Value

Tx/Rx antennas 4× 4

Carrier frequency (GHz) 14.417/14.483

Bandwidth (MHz) 33 for each set

Sample rate (Msps) 40.96

Channel coding (7680,6400) QC-LDPC

Modulation 64QAM

Channel condition Indoor (50 m LOS environments)

Table 3: OFDM parameters.

Parameters Value

FFT size 256

Modulated subcarriers 168

Subcarrier bandwidth (KHz) 160

OFDM symbol length (us) 6.64

CP length (us) 0.39

OFDM symbols per data frame 8

Pilot/data OFDM symbols 1/64

is used. The parameters of each 4 × 4 MIMO-OFDM set are
given in Tables 2 and 3.

The system’s frame structure is shown in Figure 6. One
super frame consists of one preamble and 32 data frames.

A super frame starts with a preamble, which has the
same duration as an OFDM symbol (6.64 us) and is used
for timing synchronization, channel estimation, and phase
noise correction. The Chu sequence [19] is introduced
in the system as preamble for its constant modulus and
cyclostationarity.

There are 32 data frames in one super frame, and each of
them includes 8 OFDM symbols. An OFDM symbol consists
of a cyclic prefix and 256 points IFFT. 168 of 256 subcarriers
are used for each OFDM symbol.

3.2. Algorithm Design

3.2.1. Preamble. To facilitate quick synchronization, the data
packet is preceded with a known sequence (the preamble).
The preamble is carefully designed to provide enough infor-
mation for a good packet detection, phase noise estimation,
and channel estimation. The Chu sequence is introduced
in the system as preamble for its constant modulus and
cyclostationarity. It is given by [19]

p(k) =
{
e jπ(M/Np)k2

, Np is even,

e jπ(M/Np)k(k+1), Np is odd,
k = 0, 1, ...,Np − 1,

(15)
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Figure 7: GE-based SDR platform.

where Np is the length of the sequence and M, the sequence
index, is relatively prime to Np.

To estimate the MIMO channel, it is important that
the subchannels from the different Tx antennas to every
Rx antenna can be uniquely identified. To achieve this
the preambles on the different Tx antennas should be
orthogonal. Besides, to perform the phase noise correction,
a few subcarriers should be reserved in OFDM symbols not
only in preamble frames but also the data frames, in which
the receiver could estimate the phase rotation between the
data frames and preamble frames.

3.2.2. Channel Estimation. The channel response can be
estimated using the known training symbols within the
preamble. When the timing is recovered correctly, we know
which received samples correspond to the training part for
channel estimation. More precisely, we know exactly which
part of the received preamble is sent by transmit antenna m.
The 4 transmit antennas share the subcarriers in preamble
orthogonally by means of frequency division.

With the preamble, we can estimate the channel response
values hm[k1], . . . , hm[kn], where m is transmit antenna
number, and k denotes the location of the subcarriers sent
by transmit antenna m. As only one channel value in every
four subcarriers can be obtained directly from the training
symbols, the values on the other subcarriers are estimated
by a linear interpolation scheme based on minimum-mean-
square-error (MMSE) criteria.

3.2.3. Phase Noise Correction. As mentioned in Section 3.2.1,
the receiver could estimate the phase rotation between
the data frames and preamble frames with the reserved
subcarriers in each OFDM symbol. The phase noise matrix
is denoted by

Φ =

⎡

⎢
⎢
⎢
⎢
⎣

r1t1 r1t2 · · · r1tM
r2t1 r2t2 · · · r2tM

...
...

. . .
...

rN t1 rN t2 · · · rN tM

⎤

⎥
⎥
⎥
⎥
⎦

, (16)

where ri = eϕi and ti = eθi , where ϕi and θi denote
the phase noise on ith receive and transmit antenna,
respectively. The transmit phase noise vector is defined as
θ = [1 t2/t1 · · · tM/t1]. θ can be obtained by

θ = 1
N

⎡

⎢
⎢
⎢
⎢
⎢
⎣

1
1
·
·
1

⎤

⎥
⎥
⎥
⎥
⎥
⎦

T⎡

⎢
⎢
⎢
⎢
⎢
⎣

1
1
1 Φ2 · /Φ1 Φ3 · /Φ1 · · · ΦM · /Φ1

1
1

⎤

⎥
⎥
⎥
⎥
⎥
⎦

,

(17)

where Φi is the ith column of the matrix Φ. Simi-
larly, the receive phase noise vector is defined as ϕ =
[r1t1 r2t1 · · · rN t1], which can be estimated by

ϕ = 1
M

⎡

⎢
⎢
⎢
⎢
⎢
⎣

Φr
0 · /θ

Φr
1 · /θ
·
·

Φr
N · /θ

⎤

⎥
⎥
⎥
⎥
⎥
⎦

⎡

⎢
⎢
⎢
⎢
⎢
⎣

1
1
·
·
1

⎤

⎥
⎥
⎥
⎥
⎥
⎦

, (18)

where the Φr
i is the ith row of Φ. Once the θ and ϕ are

obtained, the channel matrix for current OFDM symbol is
given by

H = diag
(
ϕ
)

H diag
(

θ
)

. (19)

4. GE-Based SDR Platform and Implementation
of Gbps System

4.1. Platform Architecture. According to the OFDM theory,
the whole transmission band of OFDM signals can be
divided into several subbands, which can be processed
independently. The multiband capability of the OFDM
makes the design of broadband system much more flexible.
GE interfaces are involved to connect multiple processing
units and RF front-ends. Based on GE switching, we establish
a high-throughput pipeline for data stream as well as a low-
latency path for the control signals switched between each
unit in our SDR platform. A distributed processing strategy
is adopted to get high-efficiency parallel computing ability
and to reduce the requirements of computation capacity for
each processing unit. The platform takes the advantages from
both HAUs and GPPs to achieve good real-time processing
performance with good adaptability and flexibility. The
detailed architecture of the GE switch-based SDR platform
is illustrated in Figure 7.

This platform can be divided into the following four
function blocks: data services processing block, real-time
processing block, radio frequency (RF) preprocessing block,
and GPP processing block. Taking the transmitter side, for
example, we can show the data switching process on the
platform as follows.

The user data stream is firstly transformed into fixed-
length packets by data service processing block. With GE
switching, data packets are distributed to different sub-bands
processing units and recollected after frequency-domain
processing (e.g., channel coding, modulation, subcarrier
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Figure 10: Transmitter and receiver on the GE SR platform.

mapping, and precoding) in each real-time processing
block. Then, the data packets in the frequency domain are
distributed to each of the RF preprocessing block (per-
forming IFFT, inserting of CP, etc.) through GE switching.
Finally, after time-domain processing the data streams are
transmitted to the RF front-ends.

The basic functional partition for the receiver side is
similar to the above transmitter side. However, most complex
computation processes, such as channel estimation, timing
and frequency synchronization, and matrix decompositions
for MIMO detecting and precoding, have been allocated to
GPP processing block. The left function for the receiver is
only channel decoding module in real-time processing block
for HAUs.

On the other hand, GE interface is a powerful debugging
tool for system developers. It is convenient to get data
samples from any in-out port in this platform by devices
supporting GE.

4.2. Implementation of Gbps System on GE SDR Platform.
Based on the above antenna array design and MIMO-OFDM
scheme for LOS-MIMO, the Gbps system is implemented on
the GE switch-based SDR platform, utilizing its flexibility,
programmability, and real-time processing ability. Though
the traffic data processing and RF front-end are important
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modules of the system, only the transmitter and receiver path
are discussed in detail.

The transmitter structure and the process partition are
shown in Figure 8.

User application data first goes through the data service
processing block and is multiplexed into constant bit rate
stream and mapped to the standard GE packet for switching.

Then, the data stream is distributed to 4 real-time pro-
cessing units in real-time processing block, corresponding
to four sub-bands, where the data stream goes through a
QC-LDPC encoder and is mapped to 64QAM symbols. After
that, a multiantenna multiplexing module splits the symbols
into four independent parallel data streams, and each one is
corresponding to a transmitting antenna. Similarly, the data
stream is passed to RF preprocessing block in the form of GE
MAC packets.

In each RF preprocessing unit corresponding to each
transmitting antenna, data samples in the same frame are
collected from every subband to calculate 256-point IFFT.
Then, the CP is inserted to every OFDM symbols. Finally, a
preamble which includes training sequences is added to every
super frame before the final TX signal is upconverted to the
RF front-end and transmitted.

The GPP processing block can configure the parameters
for all the HAU blocks.

Compared with the transmitter, GPP processing block
plays a more important role in the receiver. Although the
real-time processing capacity of GPPs cannot match the
needs of Gbps transmission, the algorithms working on low-
rate samples, such as channel estimation for slow fading
channels, timing and frequency synchronization, and matrix
decompositions for MIMO detecting and precoding, could
be implemented on GPPs for their great flexibility and
programmability. The receiver structure and the process
partition are shown in Figure 9.

First, four receive antennas are used for each set of
MIMO-OFDM system and low-rate samples of received
data go through the GE interface from RF preprocessing
block to GPP processing block, where a correlation method
in time domain is used to achieve time synchronization
and frequency offset estimation, then GPP processing block
informs the results to RF preprocessing block. In doing so,
RF preprocessing units for every antenna can identify from
the sampled sequences the starting points of S/P conversion
of OFDM data symbols. Then, frequency-domain OFDM
symbols can be obtained by (1) correcting frequency offset,
(2) removing the CP, and executing FFT algorithms.

The frequency-domain OFDM symbol in preamble is
sent to GPP processing block, where channel estimation is
taking place. Then, the MIMO detecting matrix and phase
noise for every subcarrier can be estimated in frequency-
domain. The result is transmitted to real-time processing
block. In order to meet the 1G transmission data rate,
four real-time processing units are used. On each unit, data
samples of each sub-band in the frequency domain perform
phase noise correction and MIMO detection, then QC-
LDPC decoding algorithms are executed. Finally the user

application data packet is recovered from decoded data block
in data service processing block.

5. Field Evaluation of LOS-MIMO Gbps System

In this section, we will give the field evaluation results of the
end-to-end Gbps transmission performance. In our MIMO-
OFDM demonstration system over the GE switch-based SDR
platform, a PC with dual-core CPU operating at 1.6 GHz is
used as the GPP at each side of transmitter and receiver. For
each HAU, two Altera Cyclone 3C80 FPGA chips are used for
computation, combined with one GE PHY chip (BCM5464)
to support 4 GE interfaces.

A series of experiments and field trials of our Gbps
demonstration system has been carried out at the FIT
Building in Tsinghua University, China. As mentioned in
Section 3, the demonstration radio system consists of two
sets of 4× 4 MIMO-OFDM subsystems. Figure 10 shows the
transmitter and receiver, respectively.

The field tests were done in indoor environments with
the transmission distance over 50 m. The SNR and BER
performance for different locations are depicted in Table 4,
where the TX and RX logo are coordinates for TX and RX
positions along the corridor. In the in-building corridor
scenario, there exists visible 2-path effect due to reflection
of the walls at each end of the corridor. The 2nd path
delay and relative power are given in Table 4, which suffer
some variation for different locations. The 2nd path delay is
decided mainly by the length of the corridor, and the relative
power is below 20 dBc for most cases. The results show that
the proposed and implemented system works well under
such 2-path scenario.

The maximum achievable information bit rates are
calculated as 1.171 Gbps = 2 (two sets of subsystems) ×
32 (frames per super frame) × 8 (OFDM symbols per
frame) × 160 (subcarriers per OFDM symbols) × 6 (index
for 64-QAM modulation) × 4 (numbers of transmitting
antennas) × 5/6 (LDPC coding rate)/0.001398 (super frame
duration). Table 5 shows the field test results of the peak data
transmission throughput of the Gbps platform by different
methods, where Netperf is a PC-based network benchmark
tool. We also use self-developed programs to test the system
throughput with TCP and UDP protocols.

Although the Gbps demonstration system can provide
over 1 Gbps data throughput at the wireless PHY layer, the
achieved throughput above is limited due to the limitation
of GE data interface itself, the performance of PC, and the
overhead of Ethernet/IP protocols.

6. Conclusions

The presented optimal design rule and sensitivity analysis for
LOS-MIMO antenna array give theoretical support for LOS-
MIMO system design, and it eases the choice of array shape
by moving the limitation of perpendicular arrangement from
earlier work.

Under the guide of derived antenna array design rule,
a MIMO-OFDM-based high capacity radio system for
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Table 4: SNR/BER for different locations.

Position Tx logo Rx logo Path number 2nd path delay (ns) 2nd path power (dBc) SNR (dB) BER

0 15.1.3 0.4.3 2 391 −23 23.4 5e − 4

1 15.0.3 0.4.3 1 — — 26.5 0

2 14.5.3 0.5.3 2 439 −26 26.5 0

3 14.5.3 0.5.2 2 415 −24.8 23.8 5e − 6

4 14.5.3 0.5.4 2 342 −25.1 22 1e − 4

5 14.5.4 0.5.4 2 415 −20.4 20 5e − 4

6 14.5.4 0.5.3 2 366 −25.2 26 0

Table 5: Throughput test results.

Application Throughput (Mbps)

Netperf 860

UDP 880

TCP 760

LOS channel at 15 GHz frequency band is proposed with
symmetrical square array at both Tx and Rx. A GE switch-
based SDR platform is designed to implement and verify the
proposed system. Due to the good scalability and flexibility of
GE interface, this platform has both the real-time processing
capability in HAU and adaptability and programmability in
GPP and hence is suitable for the development of future
wireless communication systems.

On the GE SDR platform, the LOS-MIMO system
yields throughput up to 1 Gbps and spectral efficiency over
15 bps/Hz through field evaluation. The performance is
supposed to be doubled with cross-polarization of antennas
at the same array area. The proposed LOS-MIMO antenna
array design and Gbps radio system are promising solutions
to fixe broadband wireless access and wireless backhaul for
the next generation networks.
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This paper proposes interference-based decode and forward scheme that utilizes relay stations (RSs). In Long-Term-Evolution
(LTE-) Advanced, heterogeneous networks in which femto- and picocells are overlaid onto macrocells are extensively discussed.
However, interference between macro- and pico(femto)cells arises due to their different transmit power levels. Unlike conventional
cooperative transmission schemes, the RS decodes interference in the first transmit timing period and forwards it to the user
equipment (UE) in the second period. Moreover, cooperative transmission can be achieved without stopping the transmission
from the base station (BS) to UE when forwarding the interference from the RS to the UE by utilizing the fact that signal-to-
noise power ratio (SNR) between the RS and UE is much greater than that between the BS and UE. The basic performance of
the proposed method is shown based on computer simulation. Moreover, the interference temperature and shadowing effect are
measured when considering the coexistence between macro- and femtocells, and the performance of the proposed method is
verified using measured shadowing effect.

1. Introduction

Due to the immense popularity of mobile phones and wire-
less LAN systems, increasing the data rate within a limited
spectrum is one of the most important goals for wireless
system design. Macrocells, the service areas which are one to
several kilometers, were introduced in conventional cellular
systems. On the other hand, femto- and picocells are cur-
rently the focus because small cells can enhance the fre-
quency utilization and can be established using a low-power-
consuming base station (BS) that requires a small installation
space. In Long-Term-Evolution (LTE-) Advanced, hetero-
geneous networks are extensively discussed in addition to
traditional well-planned macrocell deployment to further
improve the frequency utilization [1–3]. In heterogeneous
network deployment, low power nodes such as femto-, pico-
, and relay nodes are placed throughout a macrocell layout,
and they are placed generally in an unplanned manner.
Hence, interference between macro- and pico(femto)cells
occurs because the transmission power of pico(femto)cells

is different from that of macrocell and the service coverage
areas are different between these cells.

In this paper, we consider a macrocell system consisting
of a BS and user terminals (UEs) and propose an inter-
ference-based decode and forward technique using a relay
station (RS) to cancel the interference from pico- or femto-
cell. In recent years, cooperative transmission using RSs has
been primarily used to improve the overall system capacity
or to obtain a diversity gain [4, 5]. On the other hand, RSs
can also be utilized for interference cancellation [6, 7]. The
RS forwards information regarding the interference that is
used by a receiver to decode the desired signal. Ideas on
forwarding interference were considered in [6, 7] for the
case when a destination node receives the desired signal and
interference with small power, and instead of forwarding the
desired signal, the RS forwards information regarding the
interference. Moreover, interference cancellation techniques
with the aid of the RS for cognitive radio are proposed [8, 9].
However, the treatment in [6–9] is information-theoretic
and did not explain the concrete procedure of how to use
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the RS in detail. In this work, we focus on a more practical
setting with concrete system/modulation parameters, as well
as a complete procedure for channel estimation, which is a
prerequisite for actualizing distributed interference cancella-
tion.

Interference-based decode and forward scheme using an
RS for cognitive radio was proposed in [10]. In this method,
the RS decodes and forwards the interference to a UE in a
secondary system from a BS in the primary system using
periodic training signals in the primary system. However, the
time for interference transfer from the RS to UE is overhead
in this method. We proposed a method that addresses this
problem by utilizing the fact that the signal-to-noise ratio
(SNR) between the RS and BS is greater than that between
the BS and UE [11]. The optimal position of the relay stations
by the proposed method is clarified based on computer
simulation [11]. This paper brings significantly broadened
treatment of the proposed method.

(i) The basic performance of the proposed method is
evaluated in more detail. In particular, the proposed
method is effective compared to the conventional
adaptive array, regardless of the condition of SIR,
SNRs of BS/RS and RS/UE.

(ii) Not only zero forcing (ZF) but also minimum mean
square error (MMSE) algorithms with 2-element
adaptive array at the UE are evaluated as the reference
schemes, because MMSE algorithm is evaluated for
the interference rejection between multicells for LTE-
Advanced [12].

(iii) The performance of the proposed method is eval-
uated using measured data regarding a shadowing
effect when considering coexistence between marco
and femtocells.

When considering the RS as a virtual antenna which
helps the UE from the interference, the configuration using
the proposed method can be regarded as one of configura-
tions regarding distributed antenna system.

The rest of the paper is organized as follows. Section 2
describes the target scenario and defines the problem to
be addressed. Section 3 presents the proposed technique for
interference cancellation using an RS. Section 4 provides
quantitative performance analysis of the proposed scheme
with theoretical propagation models. The affect on shadow-
ing with the measured data is evaluated in Section 5. Section
6 concludes the paper.

2. Target Scenario and Problem Definition

Figure 1 shows a configuration for heterogeneous networks
in LTE-Advanced [1]. In such heterogeneous networks,
picocells, femtocells, and relays are deployed inside the
service area of a macrocell in order to enhance the frequency
utilization and guarantee the quality of service in high traffic
areas. The picocell service area is several tens of meters.
Femtocells have drawn much attention recently because their
transmission power level is very low and thus they only
require a low-power-consuming BS and small installation

Macrocell

Picocell

Core
network

Femtocell
(CSG)

Public
internet

Relay

Figure 1: Configuration of heterogeneous network.

space. We focus on the coexistence between macro- and
pico(femto)cells that use the same frequency band. However,
the interference between macro- and pico(femto)cell occurs
because the transmission power of pico(femto)cells is differ-
ent from that of macrocells and the service coverage areas
are different between macro- and pico(femto)cells. In this
paper, we focus on the interference from a pico(femto) BS
(P(F)-BS) to a set of macro-user equipment (M-UE), and
we propose interference-based decode and forward scheme
using RSs.

Figure 2 shows the signal format of the BS in macro-
and pico(femto)cells. Frequency division duplex (FDD) is
generally used in macrocell BS (M-BS). On the other hand,
pico- or femto-BS (P-BS or F-BS) employing time division
duplex (TDD) is assumed in this paper. Both FDD and TDD
are included as the standard of LTE-Advanced [13]. In such
a scenario, P-BS transmits a signal using time slot 1 and
receives a signal using time slot 2 as in Figure 2. In this paper,
we utilize this feature in the proposed method.

3. Proposed Method

The proposed method cancels the interference at the M-UE
from the P-BS by using the aid of as RS in the macrocell (M-
RS). Let us assume a downlink scenario. The RS with decode
and forward generally receives the desired signal from the BS
in time slot 1 and this signal is forwarded to the UE via the RS
in the next time slot (time slot 2) [4, 5]. Figure 3 shows the
concept of the proposed method. Although three macrocells
are considered as general system configuration in Figure 1,
for the sake of ease, a macrocell is considered in Figure 3.
In the proposed method, the M-RS decodes the interference
from the P-BS (F-BS) at time slot 1 and the decoded
interference is forwarded to the M-UE during time slot 2
when the interference from the P-BS (F-BS) arrives at the M-
UE. We assume that M-BS has multiple antennas but each
RS has only one antenna in this paper. For simplification,
P-BS is treated as the interference hereafter but F-BS is also
treated as interference in this paper. The transmit timing of
the preamble signals for CSI estimation is shown in Figure 4.
The proposed scheme can be explained in the following six
steps.

(1) All CSI (M-BS/M-UE, M-BS/M-RE, M-RS/M-UE, P-
BS/M-UE, and P-BS/M-RS) estimations are carried
out using the preamble in Figure 4.
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Figure 2: Signal format of base station in macro- and pico(femto)cells.

(2) The M-BS controls the transmit weight in order not
to arrive the signal at the M-RS by using the CSI in
Step 1 during the data period of time slot 1.

(3) The interference incurred during the data period of
time slot 1 is decoded using the received signal at the
M-RS and the CSI from Step 1.

(4) The M-RS transmits the interference obtained in Step
3 to the M-UE during the next period of time slot 2.

(5) The interference incurred during the data period for
time slot 2 is estimated from the received signal at the
M-UE and the CSI from Step 1.

(6) The desired signals, S1(t) and S2(t), for the M-UE are
estimated using the interference decoded in Step 5,
the received signal in Steps 2 and 4, and the CSI from
Step 1.

Steps 1 to 3 are employed during time slot 1 and Steps 4
to 6 are employed during time slot 2. In Step 1, we divide the
period for the training sequence into three parts as shown
in Figure 4 in order to estimate all the required CSIs. During
Period 1, the M-BS and M-RS stop their transmissions to the
M-UE such that only the CSI of the interference from the
P-BS to M-UE and M-RS is acquired. The received signals,
XP1,U(t) and XP1,R(t), at the M-UE and M-RS during Period
1 (1 ≤ t ≤ Tp1,Tp1 = Tp/3 in Figure 4) are given below:

XP1,U(t) = hPUIP1(t) + NU(t), (1)

XP1,R(t) = hPRIP1(t) + NR(t), (2)

where hPU and hPR denote the channel responses of the
interfering signals for M-UE and M-RS, respectively. Tp

denotes the length of the preamble signal for P-BS. IP1(t)
represents the known preamble signals from the P-BS in
Period 1. NU(t) and NR(t) represent the thermal noise for
the M-UE and M-RS from the P-BS, respectively.

During Periods 2 and 3, signals are transmitted by the
M-BS and M-RS, respectively. The M-BS (M-RS) stops its
transmission in Period 2 (3). The received signals, XP2,U(t)
and XP3,U(t), at the M-UE for Period 2 (Tp1 + 1 ≤ t ≤

Tp2,Tp2 = 2Tp1) and Period 3 (Tp2 + 1 ≤ t ≤ Tp) are given
as

XP2,U(t) = hBUSP(t) + hPUIP2(t) + NU(t), (3)

XP3,U(t) = hRUSP(t) + hPUIP3(t) + NU(t), (4)

where hBU and hPU denote the channel responses from the
M-BS and M-RS to the M-UE, respectively. IP2(t) and IP3(t)
represent the known preamble signals from P-BS in Periods 2
and 3, respectively. SP(t) denotes the known preamble signals
from the M-BS and M-RS in Periods 2 and 3, respectively.
During Period 2, M-RS receives the signal form M-BS and
interference from P-BS. The received signals, XP2,R(t), at the
M-RS for Period 2 are given as

XP2,R(t) = hBRSP(t) + hPRIP2(t) + NR(t), (5)

where hBR denotes the channel response from the M-BS to
M-RS.

All CSIs are obtained using (1) to (5). The least square
(LS) criteria is adopted for CSI estimation. The estimated
CSIs of P-BS/M-UE and P-BS/M-RS are obtained using (1)
and (2), respectively, as given below:

h̃PU = 1
Tp1

T p1
∑

t=1

XP1,U(t)
IP1(t)

, (6)

h̃PR = 1
Tp1

T p1
∑

t=1

XP1,R(t)
IP1(t)

. (7)

The estimated CSIs of M-BS/M-UE, M-BS/M-RS and M-
RS/M-UE are obtained by using (3) and (7), respectively, as
follows:

h̃BU = 1
Tp1

T p2
∑

t=T p1+1

XP2,U(t)− h̃PUIP2(t)
SP(t)

, (8)

h̃BR = 1
Tp1

T p2
∑

t=T p1+1

XP2,R(t)− h̃PRIP2(t)
SP(t)

, (9)

h̃RU = 1
Tp1

T p3
∑

t=T p2+1

XP3,U(t)− h̃PUIP3(t)
SP(t)

. (10)
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Figure 3: Concept of proposed method.

As shown in (6) to (10), Tp1 is required as the number
of symbols for the channel estimation. Throughout the
evaluation, Tp1 is set to be five.

The propagation channel between M-BS and M-RS
is not basically changed because these stations do no
move, unlike M-UE. Hence, we can consider that the
propagation channel is not changed between Steps 1 and
2. When considering the channel between M-BS and M-
UE, the adaptive weight may be changed due to the
Doppler shift. On the other hand, transmission speed for
one time slot can be assumed to be much shorter than
the Doppler frequency when considering recent broad-
band wireless communication. However, when the Doppler
frequency is very high, the adaptive weight might be
changed. We must consider this issue as one of future
works.

In the second step (Step 2), the M-BS transmits a signal to
the M-UE with an antenna pattern that creates a null toward

the M-RS during the data period for time slot 1 in Figure 3.
The received signals at the M-UE and M-RS are expressed as

Xt1,U(t) = hBUS1(t) + hPUI(t) + NU(t), (11)

Xt1,R(t) = hPRI(t) + NR(t), (12)

where S1(t) and I(t) represent unknown data signals for the
M-UE from the M-BS and P-BS, respectively. Hence, the M-
UE must decode and cancel interference I(t) without any
information pertaining to the interference.

S1(t) cannot be decoded using the procedure in Steps 1
and 2. On the other hand, interference I(t) can be estimated
at the M-RS using (12) and h̃PR obtained in Step 1. In Step
3, the M-RS decodes the interference that occurs during the
data period of time slot 1. The decoded interference, Ĩ(t), at
the M-RS is obtained using (7) and (12) as

Ĩ(t) = Xt1,R(t)

h̃PR

= hPR

h̃PR
I(t) +

NR(t)

h̃PR

≈ I(t) +
NR(t)

h̃PR
.

(13)

Here, interference-to-noise power ratio (INR) at the M-RS is
E[|hPR|2/|NR(t)|2]. When the INR is large, the second term
on the right side of (13) is negligible. In Step 4, the M-RS
transmits interference Ĩ(t) estimated in Step 3 to the M-UE
using the next data period for time slot 2 in Figure 3. The
M-BS transmits a signal to the M-UE using this period. The
received signal at the M-UE is denoted by

Xt2,U(t) = hBUS2(t) + hRU Ĩ(t) + NU(t), (14)

where S2(t) represents unknown data signals for the M-UE
from the M-BS at time slot 2.

In Step 5, after the transmission of the interference, the
interference from the P-BS during the data period for time
slot 1, Ĩ(t), is estimated by using the received signal in (14).
First, (14) is changed using (10) as:

Xt2,U(t)

h̃RU
= hBU

h̃RU
S2(t) +

hRU

h̃RU
Ĩ(t) +

NU(t)

h̃RU
. (15)

When hRU ≈ h̃RU , signal-to-interference power ratio
(SIR) and INR at M-UE are denoted as E[|hBU |2/|hRU |2]
and E[|hRU |2/|NU(t)|2], respectively. It is reasonable to
assume that E[|hRU |2] is much larger than E[|hBU |2] and
E[|NU(t)|2], because the M-RS should be located near the
M-UE. In other word, the SIR is very small and the INR is
very large. Hence, the first and third terms on the right side
of (15) can be approximately assumed to be much smaller
than the second term on the right side of (15). Note that
SNR, E[|hBU |2/|NU(t)|2] is not small and the first term on
the right side of (15) is not zero. As a result, when we ignore
the first and third terms on the right side of (15), (15) can be
approximated as

Xt2,U(t)

h̃RU
≈ Ĩ(t) ≡ Î(t). (16)
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Figure 4: Transmit timing of preamble signals for CSI estimation.

In Step 6, the desired signals, S1(t) and S2(t), can be
estimated using interference Î(t) estimated in Step 5, received

signals Xt1,U(t) and Xt2,U(t) in Steps 2 and 4, and CSIs h̃BU ,

h̃PU , and h̃RU obtained in Step 1. The estimated desired
signals, S̃1(t) and S̃2(t), can be denoted as.

S̃1(t) = Xt1,U(t)− h̃PU Î(t)

h̃BU
,

S̃2(t) = Xt2,U(t)− h̃RU Î(t)

h̃BU
.

(17)

4. Basic Characteristics of the
Proposed Method

In this section, we evaluate the performance of the proposed
method by computer simulation. Figure 5 represents the
configurations of the proposed and reference scheme. We
compare the proposed interference cancellation method
(Method (A)) to a reference scheme (Method (B)), an
adaptive array using ZF/MMSE. For a fair comparison, the
total number of antennas at the transmitter and receiver
sites are identical for Methods (A) and (B). The numbers of
antennas at the M-BS and the M-UE are two, respectively,
in Method (B). The number of antennas at the M-BS is two
and that at the M-RS plus M-UE is also two in Method
(A). In Method (B), the M-UE uses an adaptive array with
ZF/MMSE [12]. When using the ZF algorithm, the decoded
signal is denoted as

(
S̃(t)
Ĩ(t)

)

=
(
hS1 hI1

hS2 hI2

)−1(
XU1

XU2

)

=
(

hS hI

)−1
XU

= H−1 XU ,

(18)

where hS = [hS1 ,hS2 ]T and hI = [hI1 ,hI2 ]T denote the
channel responses for the M-UE from the M-BS and P-BS,
respectively. XU = [XU1 ,XU2 ]T is the received signal vector at
the M-UE. When using the MMSE algorithm, the decoded
signal is denoted as

(
S̃(t)
Ĩ(t)

)

=
(

HHH + σ2U
)−1

HHXU , (19)

where U is 2 × 2 identity matrix and σ2 is the noise power.
A total transmit power by M-BS and M-RS in the proposed
method is the same with that by M-BS in the conventional
method.

Transmissions from the M-BS to M-UE in the macrocell
use adaptive modulation. Table 1 gives the required SNRs for
different modulation levels. The SNR for each modulation
scheme is given in Table 1 for the bit error rate (BER) of
5 × 10−3 [14]. For all the methods, the modulation level is
decided based on the instantaneous SNR. The modulation
scheme for the interference is QPSK.

The total transmission rate, R, is defined as

R =
∑NF

k=1 R(k)

NF
,

R(k) =Ma[1− BER(k)],

(20)

where NF represents the number of frames. Ma denotes
the number of bits per symbol when applying the adaptive
modulation. R(k) and BER(k) are the transmission rate and
BER for the kth frame, respectively. In the simulation, we set
the length per frame to 600 and NF = 20000. A Rayleigh
fading environment is assumed among all nodes. In the
evaluation, we did not consider channel codes in order to
evaluate the basic ability of the proposed method.

First, the transmission rate is evaluated versus the SIR
in Figure 6, in order to confirm the effectiveness of the
approximation in (16). Here, we assume that the desired
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signal (S) and the interference (I) are the signals from the
M-BS and M-RS to the M-UE at time slot 2 in Figure 3,
respectively. For comparison, the results when only the
desired signal is decoded are shown. Figure 6 shows that the
transmission rate is improved when the SIR is decreased.
When the SIR is less than –10 dB, the degradation compared
to the transmission rate with the upper bound is less than
1 bit/s. Hence, the approximation in (16) is effective when
considering the SNR between the M-RS and M-UE to be
greater than that between the M-BS and M-UE.

The SNR between the M-RS and M-UE is a very
important parameter that determines the ability for decoding
the interference. The transmission rates of the proposed
method versus the SNR between the M-RS and M-UE are
plotted in Figure 7. The average SNR between the M-BS
and M-UE and the SIR between the M-BS and P-BS for
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Figure 7: Transmission rate versus SNR between M-RS and M-UE.

the M-UE are set to 20 and 0 dB, respectively. The average
transmission rate for time slots 1 and 2 is shown in Figure 7.
As shown in Figure 7, the transmission rates for time slots
1 and 2 are improved according to the SNR between the
M-RS and M-UE and both transmission rates are almost
the same. Moreover, the proposed method obtains a higher
transmission rate than that for 2-element adaptive array
using ZF/MMSE algorithm when the SNR between the M-
RS and M-UE is greater than 28 dB. Note that the average bit
rate by the MMSE algorithm is almost same with that by the
ZF algorithm. The proposed method is effective compared to
the adaptive array with ZF/MMSE when the SNR between
the M-RS and M-UE is 8 dB higher than that between the
M-BS and M-UE.

Figure 8 plots the transmission rates of the proposed
method and ZF/MMSE adaptive array (Method (B)) versus
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Figure 8: Transmission rate versus SNR between M-RS and M-UE.

the SNR between the M-BS and M-UE. Note that the average
bit rate by the MMSE algorithm is almost the same with
that by the ZF algorithm except very small SNR. The results
are plotted when the SNR between the M-RS and M-UE is
10/15 dB (α in Figure 8), greater than that between the M-BS
and M-UE. As shown in the figure, by applying the proposed
method, the transmission rate is improved compared to that
for Method (B), when the SNR between the B-RS and M-UE
is greater than 10 and 7 dB, respectively, and when α is 10 and
15 dB.

5. Performance Evaluation Considering
Coexistence between Macro- and Femtocells
Using Measured Shadowing Effect

In this section, the performance of the proposed method is
evaluated when considering the coexistence between macro
and femtocells using measured shadowing effect. Since there
are UEs that do not belong to a closed subscriber group
(CSG) BS in a femtocell, such UEs might give/receive inter-
ference to/from the femtocell [1]. Moreover, the femtocell is
generally used in indoor scenarios, and the propagation char-
acteristics between the femto- and macrocells are different
from those inside a macrocell. We performed measurements
to obtain the shadowing characteristics between femto- and
macrocells and inside a macrocell and reflected the results in
a computer simulation.

Figure 9 shows the considered measurement environ-
ment. The measurements are taken in the Faculty of
Engineering building of Niigata University in Japan. The M-
UE is located in a parking area and moved around Courses 1
to 10 in Figure 9. The M-BS and F-BS are located at the top
of the building and the 4th floor in Figure 9, respectively. The
antenna heights of the M-BS and F-BS are 22.5 and 16.5 m,
respectively. The height of the M-UE is 1 m. The F-BS is
located in the place in Figure 10, because the influence of the
shadowing might be changed by the difference of the place in
Figure 10. The radio frequency is 2.2 GHz and a continuous
wave (10 W) is transmitted from the M-BS or F-BS to

Table 1: Required SNR for different modulation levels.

SNR Modulation

3.63 dB BPSK

8.40 dB QPSK

12.08 dB 8QAM

15.39 dB 16QAM

18.55 dB 32QAM

21.63 dB 64QAM

24.67 dB 128QAM

27.70 dB 256QAM

30.72 dB 512QAM

33.73 dB 1024QAM

Moving
 course
(1) 40 m
(2) 30 m
(3) 30 m
(4) 25 m
(5) 30 m
(6) 16 m
(7) 35 m
(8) 20 m
(9) 30 m
(10) 30 m

Interference
(M-UE→ F-BS)

F-BS
4F

M-BS

Desired signal
M-BS→M-UE

M-UE

(2)
(3)

(4)

(5)

(6)

(8)

(7)

(9)

(10)

(1)

Building

Faculty of Engineering in Niigata University

Figure 9: Measurement environment.

the M-UE. The received power and shadowing effect are
measured. The shadowing effect is obtained by calculating
the standard deviation of median values in the received
power. The median values are obtained with the distance of
1 m. We assume the scenario where the interference from the
femtocell arrives at the M-UE when the M-BS communicates
with the M-UE.

Figure 11 denotes the received power for the desired
signal (M-BS/M-UE, outdoor) and interference (F-BS/M-
UE, Cases 1, 2, and 3) when considering Courses 1 to 10.
Table 2 show the standard deviation of the shadowing effect
for the M-BS/M-UE and F-BS/M-UE, respectively. As shown
in Figure 11, the power of desired signal is 3 dB higher
than that of interference (Case 1) when considering CDF =
50%. Due to the influence of penetration loss in indoor,
the received powers by Case 2 and 3 are lower than that
by Case 1. Table 2 shows that the standard deviation of the
shadowing is for the desired signal 5.1 and from 4.8 to 6.6
for the interference, respectively. Since outdoor-to-indoor
propagation is considered when considering the interference
from/to the femtocell to/from the M-UE, the range of the
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Figure 10: Location of femto-BS.
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Figure 11: Received powers for desired signal and interference.
Outdoor: desired signal, interference: Cases 1 to 3.

Table 2: Standard deviation of shadowing.

Type Standard deviation [dB]

Outdoor (M-BS/M-UE) 5.1

Case 1 (F-BS/M-UE) 6.1

Case 2 (F-BS/M-UE) 4.8

Case 3 (F-BS/M-UE) 6.6

standard deviation for the F-BS/M-UE is larger than that for
the M-BS/M-UE.

The transmission bit rate is evaluated using the measured
standard deviation of the shadowing. Table 3 gives the sim-
ulation parameters. Considering the value on the standard

Table 3: Simulation parameters.

Parameter Macro-BS Pico-BS Relay

Cell radius 2312 m 40 m —

BS Tx power 46 dBm 30 dBm 30 dBm

UE Tx power 27 dBm 27 dBm —

BS ant. gain 14 dBi 5 dBi 5 dBi

UE ant. gain 0 dBi 0 dBi —

Noise power −174 dBm/Hz — −174 dBm/Hz

Antenna height 22.5 m 16.5 m 15 m

Path loss (→UE) C2(NLOS) B1(LOS) B1(LOS)

deviation of shadowing, the results of outdoor and Case 2
in Table 2 are used for M-BS/M-UE and F-BS/M-UE trans-
missions, respectively. Figure 12 denotes the locations of
M-BS, M-UE, F-BS, and M-RS. Three femtocells are assumed
to be located inside a macrocell. F-BSs are randomly located
inside the service area in M-BS. M-UE is also located inside
the service area in M-BS. We employed the simulation where
the location on F-BSs and M-UE is changed. The trial
number is 10000. Regarding the basic parameter in Table 3,
we refer to the parameters which are used in [2]. Regarding
the cell radius of M-BS, when the cell radius is 289 m [2], we
assume the cell size of 8 times, because the effectiveness of
the relay station should be evaluated.

Since the evaluation using heterogeneous path loss
conditions is essential when considering heterogeneous
networks [15, 16], the propagation pathloss model proposed
in [17] is used in this paper. Model C2, which is used
for typical macrocell non-line-of-sight (NLOS) scenarios, is
adopted for the path loss between the M-BS and M-UE.
Since we consider the interference from the F-BS to M-UE,
Model B1, which is used for microcell line-of-sight (LOS)
scenarios, is adopted for the path loss between the P-BS and
M-UE. Model B1 is also used for the pathloss between the
M-RS and M-UE. The path loss between the M-BS and M-
RS is Model B5f (NLOS), which is used for relay transmission
between the M-BS and M-RS. The relay stations are located
at the position of d/2 in Figure 12. Four relay stations are
assumed in Figure 12. When considering the propagation of
M-BS/M-RS, M-RS/M-UE, and F-BS/M-RS, the values on
the standard deviation of shadowing are used in those in
[17]. The number of relays, NR, is changed from 4 to 16 in
a circular arrangement. The other simulation conditions are
the same as those described in Section 4. We assume that
the M-UE and M-RS can exchange the information with a
certain interval, and that the M-UE can ideally select M-RS
from which SNR to M-UE is the highest. We evaluate average
transmission rate which means average cell throughput of M-
BS. In the evaluation, we did not consider channel codes in
order to evaluate the basic ability of the proposed method.

In the simulation, we assume that the M-RS obtains the
information regarding the adaptive modulation scheme by
using the control channel of F-BS, because the M-RS can
receive only interference by the F-BS. Moreover, we assume
that the M-RS correctly informs the information regarding
adaptive modulation scheme by the F-BS to the M-UE.
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Figure 12: Location of M-BS, M-UE, F-BS, and M-RS.

Figure 13 shows the relationship between the trans-
mission rate versus the number of relays, NR. Not only
QPSK modulation but also adaptive modulation for F-BS is
assumed in Figure 13. The figure shows that the transmission
rate is improved when NR is increased, but the performance
becomes gradually saturated when NR ≥ 6 when considering
only QPSK modulation for F-BS. Although the transmission
rate is degraded compared to the case with only QPSK
modulation for F-BS when assuming adaptive modulation
for F-BS, we confirm that the transmission rate is gradually
increased by the aid of increasing number of relays. The
reason why the average bit rate (of M-UE) decreases when
F-BS is allowed to use adaptive modulation is that the perfor-
mance by the proposed method depends on the interference
decoding in (13) at the M-RS. When the higher modulation
scheme in F-BS is employed, the higher interference-to-
noise power Ratio (INR) is required at the M-RS for
the interference decoding. Moreover, it is shown that the
proposed method outperforms the ZF/MMSE schemes even
when NR = 4. The average bit rate by the MMSE algorithm
is almost the same with that by the ZF algorithm.

6. Conclusion

This paper proposed interference-based decode and forward
method using the RSs in heterogeneous networks. The RS
in a macrocell system decodes and forwards the interference
from the pico(femto)cell to the UE, and the UE can decode
the signal without stopping the signal reception from the
BS by utilizing the higher SNR between the RS and UE
compared to that between BS and UE in the proposed
method. We clarified the effectiveness of the proposed
method compared to using the conventional adaptive array
with ZF and MMSE algorithms when the SNR between the
RS and UE is 8 dB greater than that between the BS and UE.
Moreover, we confirmed the effectiveness of the proposed
method based on evaluation using the measured data for
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Figure 13: Transmission rate versus transmit power of F-BS when
considering shadowing effect.

shadowing effects when considering the coexistence between
macro- and femtocells.

As for the future work, we evaluate the influence when
changing the service area of macrocell/picocell, because the
interference power is largely affected by the service area of
macrocell/picocell. In this paper, our aim was to propose the
basic technique when the relay nodes can be applied and we
focused on the basic ability of the interference cancellation
by using the proposed method. On the other hand, hybrid
ARQ is adopted as one of the important techniques in LTE-
Advanced and the evaluation by using the proposed method
including the channel codes is essential for the future work.

References

[1] 3GPP, TR 36.814 (V9.0.0), “Further advancements for E-
UTRA physical layer aspects,” 2010.

[2] M. Tanno, A. Morimoto, T. Abe, Y. Kishiyama, and T. Naka-
mura, “Heterogeneous Network in LTE-Advanced,” IEICE
Technical Report RCS2009-317, 2010.

[3] A. Khandekar, N. Bhushan, J. Tingfang, and V. Vanghi, “LTE-
advanced: heterogeneous networks,” in European Wireless
Conference, pp. 978–982, April 2010.

[4] R. U. Nabar, H. Bölcskei, and F. W. Kneubühler, “Fading relay
channels: performance limits and space-time signal design,”
IEEE Journal on Selected Areas in Communications, vol. 22, no.
6, pp. 1099–1109, 2004.

[5] K. Yamamoto, H. Maruyama, T. Shimizu, H. Murata, and S.
Yoshida, “Spectral efficiency of fundamental cooperative relay-
ing in interference-limited environments,” IEICE Transactions
on Communications, vol. 91, no. 8, pp. 2674–2682, 2008.

[6] R. Dabora, I. Maric, and A. Goldsmith, “Interference forward-
ing in multiuser networks,” in Proceedings of the IEEE Global
Telecommunications Conference, December 2008.
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A computationally efficient two-stage greedy capacity maximization (GCM) relay-and-antenna joint selection is proposed for
a dual-hop nonregenerative amplify-and-forward (AF) multiple-input multiple-output (MIMO) multiple-relay system with
multiple antennas equipped at each node in correlated fading channels. This modified GCM (MGCM) antenna selection strategy
selects a subset of antenna pairs from available relays based on the concept of channel capacity maximization subject to an optimal
power allocation constraint across the activated antenna pairs. In order to reduce system hardware complexity, antenna selection
schemes are performed at the destination node as well. Finally, simulations are conducted to compare the channel capacity of the
proposed two-layered antenna selection technique with other existing antenna selection algorithms for half-duplex AF-MIMO
multiple-relay systems.

1. Introduction

Multiple-input multiple-output (MIMO) systems using
multielement antennas (MEA) at the transmitter and the
receiver improve substantially capacity and reliability of
wireless links [1, 2]. As a simplified version of spatial mul-
tiplexing (SM) systems, the vertical Bell Laboratories layered
space-time (V-BLAST) architecture [3] exploits the channel
capacity and diversity gain of MEA systems over the rich-
scattering wireless channel. A new communication paradigm
that incorporates MIMO technologies into cooperative relay
networks [4, 5] has attracted significant interest recently. In
the cooperative communications and networking, the source
node communicates with the destination node by making use
of wireless relays. With the aid of node cooperation, wireless
relay networks are able to obtain spatial diversity in a dis-
tributed manner. In general, there are two categories of coop-
erative relaying strategies, such as nonregenerative amplify-
and-forward- (AF-) relaying protocols [5, 6] and regener-
ative decode-and-forward- (DF-) relaying protocols [5, 7].

An AF-mode protocol shows a simple relaying approach and
possesses a low implementation complexity. However, the
limitation on the implementation of MIMO systems is the
cost and complexity of multiple radio frequency (RF) chains
associated with multiple antennas. The increase in system
hardware and signal processing complexity has inhibited the
widespread adoption of MIMO systems. Fortunately, the
utilization of antenna subset selection approaches for MIMO
systems has successfully become a low-cost alternative due
to the reduced complexity without significant performance
degradation compared to the full-complexity (FC) MIMO
system [8]. These approaches alleviate system hardware
complexity by using fewer RF chains than the actual number
of antenna elements.

So far most of antenna selection techniques applied to
non-regenerative wireless relay networks are focusing on
single-antenna relay models [9] or single-stream MIMO-
relay networks [10]. An opportunistic relaying approach,
namely, distributed orthogonal relay selection (DORS),
for dual-hop noncoherent AF-MIMO relay networks are
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proposed in [11] based on the harmonic mean of dual-
hop subchannel gains. In [12], a cross-entropy- (CE-) based
method is introduced to perform the optimal relay subset
selection for two-way AF-MIMO relaying systems in order to
reduce computational complexity while still maximizing the
achievable sum rate. However, only single-antenna relays are
dealt with for one-or two-way dual-hop AF-wireless MIMO-
relay networks. A fast antenna subset selection algorithm
(FASSA) [13] is proposed for two-hop AF- and DF-MIMO
relay systems to maximize system capacity. The selection
criterion of the FASSA algorithm for AF relay is designed
to maximize a lower bound of the capacity, but not the
exact capacity. The authors in [14] present a two-stage
antenna subset selection scheme to maximize the channel
capacity of a conventional three-node AF-MIMO relay
system. Moreover, a low-complexity near-optimal antenna
selection algorithm is considered based on a constrained
cross-entropy optimization (CCEO) method to maximize
the achievable rate for MIMO-AF single-relay networks in
[15]. However, only single relay is dealt with in a non-
regenerative multiantenna relay network. In [16], a greedy
mean squared error (MSE) minimization antenna selection
is developed under an equal-power allocation across the
multistream data for AF-MIMO relay systems. The fact that
only single-antenna pair can be activated on each relay node
in the greedy MSE-based minimization (GMM) antenna
selection should be noted. Additionally, the computational
complexity of the GMM antenna selection remains high and
is thus of limited practical use. A greedy capacity maximiza-
tion (GCM) antenna selection technique proposed in [17]
is applied to an identical scenario employed in [16]. Four
joint relay and antenna selection strategies are investigated in
terms of the outage probability in [18] with the use of either
full or partial CSI for dual-hop MIMO-AF multiple-relay
networks. A comprehensive performance analysis framework
is provided based on practical transmission impairments
in [19] for dual-hop MIMO-AF relay networks with hop-
by-hop beamforming (i.e., both source and relay perform
beamforming). In [20], the outage probability and the aver-
age symbol-error-rate (SER) performance of three transmit
antenna selection (TAS) strategies are analyzed for dual-hop
MIMO ideal channel-assisted AF-relay networks. Although
these antenna selection schemes are effective, most of these
works have not taken spatial correlation between antennas
into account. Various measurements have shown that the
realistic MIMO-channel capacity is significantly lower than
that in the ideal case owing to the spatial correlation of
the MIMO channel. The correlation between the signal
transmitted/received at different antenna elements is due to
the lack of spacing between antennas as well as the existence
of small angular spread [21]. Therefore, to mitigate the effect
of spatial correlation, a correlated channel model has to
be employed to replace the ideal identically independent
distribution (iid.) one.

In the paper, a reduced-complexity two-stage relay-and-
antenna joint selection is proposed for a dual-hop non-
regenerative AF-MIMO multiple-relay system with multiple
antennas equipped at each node over correlated fading
channels. This relay-and-antenna selection strategy selects

a subset of antenna pairs from multiple relays based on
channel capacity maximization under an optimal power
allocation constraint across the activated antenna pairs. To
reduce further system hardware and signal processing com-
plexity, antenna selection schemes are also performed at the
destination node. In addition, all wireless channel links are
characterized as spatially correlated random variables based
on the Kronecker correlation model [22]. As a consequence,
the use of the proposed two-layer relay-and-antenna joint
selection is capable of trading in a relatively small fraction
of loss in system performance, as compared with existing
antenna selection schemes for half-duplex AF-MIMO relay
networks, for a considerable reduction in system hardware
and signal processing complexity.

The remainder of the paper is organized as follows.
Section 2 describes the system and channel model. Section 3
presents a two-stage modified GCM (MGCM) antenna
selection technique for a dual-hop non-regenerative MIMO-
AF multiple-relay system in correlated channels. Both the
optimal and equal-power allocation constraints across the
activated K antenna pairs in the half-duplex AF-MIMO
multiple-relay system are provided in Section 4. To further
alleviate hardware cost and implementation complexity of
a dual-hop AF-wireless MIMO multiple-relay system, desti-
nation antenna selection schemes are utilized and analyzed
in Section 5. Two kinds of existing relay-and-antenna joint
selection criteria are briefly reviewed in Section 6. Numerical
results and conclusions are presented in Sections 7 and 8,
respectively.

Notation 1. Symbols for matrices (vectors) are denoted
by boldface upper- (lower-) case letters. The superscripts
(·)�, (·)H, and (·)−1 are transposition, Hermitian transpo-
sition, and matrix inversion operations, respectively. ‖ · ‖F

indicates the matrix/vector Frobenius norm. E{·} represents
the expected-value operator. IM is an M×M identity matrix.
tr(·) and [·]i, j denote, respectively, the trace and the (i, j)th

entry of a matrix. (·)1/2 is the square root of a positive
semidefinite matrix. Finally, (x)+ stands for max(x,0).

2. System and Channel Model

A dual-hop non-regenerative AF-wireless MIMO multiple-
relay system is considered in correlated fading channels, as
illustrated in Figure 1. The information-bearing signals are
sent from an NS-antenna source terminal to an ND-antenna
destination terminal with the aid of N half-duplex relay
terminals each with NR antennas. Note that no direct link
is considered due to the long distance or the fading obstacle
between the source and the destination terminals. In order
to provide sufficient degrees of freedom for signal detection,
the condition of NS ≤ min{NR,ND} is preserved in what
follows. In addition, elements of all channel links such as the
source-to-relay (backward) channels HSRi ∈ CNR×NS and the
relay-to-destination (forward) channels GRiD ∈ CND×NR for
all i ∈ [1,N] are modeled as spatially correlated random
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Figure 1: Block diagram of an AF-approach MIMO multiple-relay system in which the source node, each of N half-duplex AF-relay nodes,
and the destination node are equipped with NS, NR, and ND antennas, respectively.

variables based on the Kronecker correlation model [22],
which are given as follows:

HSRi = Σ1/2
SRi

Hw
SRi

Ψ1/2
SRi
=
[

h�i,1, h�i,2, . . . , h�i,NR

]�
,

i = 1, 2, . . . ,NS,

GRiD = Σ1/2
RiDGw

RiDΨ
1/2
RiD =

[
gi,1, gi,2, . . . , gi,NR

]
,

i = 1, 2, . . . ,ND,

(1)

where Hw
SRi
∈ CNR×NS and Gw

RiD ∈ CND×NR are, respectively,
the backward and the forward spatially white complex
Gaussian random matrices, in which elements are i.i.d. zero-
mean circularly symmetric complex Gaussian (ZMCSCG)
random variables with unit covariance. ΣSRi ∈ CNR×NR

and ΣRiD ∈ CND×ND are the receive-side spatial correlation
matrices and ΨSRi ∈ CNS×NS and ΨRiD ∈ CNR×NR are the
transmit-side correlation matrices for the backward channel
HSRi and the forward channel GRiD, respectively. hi, j and gi, j ,
j = 1, 2, . . . ,NR, represent, respectively, the 1×NS backward
channel vector from the source node to the jth antenna of
the ith relay and theND ×1 forward channel vector from the
jth antenna of the ith relay to the destination node.

In what follows, it should be noted that the correlation
between different MIMO-channel elements in the Kronecker
channel model is modeled under the assumption that the
correlation among receive antennas is independent of the
correlation between transmit antennas. The approximation
of the spatial cross-correlation function r(d), that determines
the correlation between two adjacent antenna elements
separated in space by a distance d [23], is given as follows:

r(d) ≈ exp

[

−23A2
(
d

λ

)2
]

, (2)

where λ is the wavelength and A is the angular spread
parameter. The angular spread parameter of A is defined by
[24]

A =
√
θ2 + 2 cos θ − 2

2θ
, (3)

where θ ∈ [0, 2π] denotes the width of the sector of arriving
multipath power.

During the first time slot, a subset of K antennas are
selected from N relay nodes each with NR antennas, that is, a
total of NNR antenna selection choices. In the sequel, let the
subscript of the pair (R(k), b(k)), k = 1, 2, . . . ,K , represent
the kth selected antenna index b(k) and the corresponding
relay index R(k) in time-slot I. TheK-activated antenna pairs
generate a K × NS compound backward channel matrix H
given by

H =
[

h�(R(1),b(1)), h�(R(2),b(2)), . . . , h�(R(K),b(K))

]�
. (4)

The received signal vector at the K antenna pairs can be
expressed as

y = [y1, y2, . . . , yK
]� = Hx + nR, (5)

where yi = h(R(i),b(i))x + ni, i = 1, 2, . . . ,K , is the ith
received signal component in y and ni is the corresponding
noise random variable in nR during the first-time slot. In
(5), x ∈ CNS×1 stands for the information-bearing signal
vector whose elements are chosen independently from the
same constellation and satisfy Rx = E{xxH} = σ2

x INS and
nR ∈ CK×1 denotes an i.i.d. ZMCSCG noise vector with the
covariance matrix RnR = E{nRnH

R } = σ2
nR

IK . Additionally, the
power constraint at the source is written as E{tr(xxH)} ≤ PS.
Under the case of the equal power allocation, σ2

x = PS/NS is
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attained. In the second-time slot, the received signal vector
y is amplified by a K × K relay weighting matrix W and
subsequently the relay forwards the precoded signal vector
to the destination. The amplified signal vector denoted by p
is given by

p = Wy. (6)

Note that the total transmit power of K activated antenna
pairs selected from LR relays is bounded by PR as follows:

E
{

tr
(

ppH
)}

= tr
(

W2
(

σ2
x HHH + σ2

nR
IK
))

≤ PR. (7)

In the paper, the perfect synchronization is assumed to be
achieved at all channel links in the MIMO-AF multiple-relay
system. Thus, the received signal vector r at the destination
node is given by

r = Gp + nD (8)

= GWHx + GWnR + nD, (9)

where G = [g(R(1), f (1)), g(R(2), f (2)), . . . , g(R(K), f (K))] ∈ CND×K

in (8) denotes the compound forward channel matrix which
is generated by the selected K antennas at the second-
time slot. Note that the selection of a set of K antennas
is performed on a total of KNR possible antenna choices
which is composed by LR candidate relays with a total of
the K-activated antennas in time-slot I each candidate relay
containing NR corresponding antenna selection choices. The
subscript of the pair (R(k), f (k)), k = 1, 2, . . . ,K , represents
the selected antenna index f (k) and the corresponding relay
index R(k) in time-slot II. nD ∈ CND×1 denotes the ZMCSCG
noise vector with the covariance matrix RnD = E{nDnH

D} =
σ2
nD

IND . Remarkably, with the aid of the proposed two-layer
antenna selection scheme, an exhaustive antenna-pair search
from a pool of NN2

R can be obviated successfully. Finally, (9)
can be reformulated as

z = Heqx + neq, (10)

where Heq = GWH and neq = GWnR + nD are, respectively,
the equivalent channel matrix and the compound noise
vector. The capacity of the equivalent channel matrix Heq

from the source to the destination is represented as

CSD

(

Heq

)

= 1
2

log2

[

det
(

IND +
Ps

Ns
HeqHH

eqΥ
−1
)]

, (11)

where Υ = E{neqnH
eq} = σ2

nD
IND + σ2

nR
GW(GW)H denotes the

covariance matrix of the compound noise vector neq and the
factor 1/2 is multiplied in (11) due to the use of a two-hop
relaying transmission.

3. Modified Greedy Capacity
Maximization Algorithm

An efficient two-layered greedy capacity maximization
(GCM) antenna selection technique is proposed for a dual-
hop non-regenerative MIMO-AF multiple-relay system with

multiple antennas equipped at each node in correlated fading
channels. This modified GCM (MGCM) antenna selection
strategy is employed to select a subset of antenna pairs from
multiple relays based on the channel capacity maximization
criterion subject to an optimal power allocation across the
activated antenna pairs. The use of the proposed two-
stage MGCM antenna selection is capable of trading in a
relatively small fraction of loss in system performance, as
compared with existing antenna selection schemes for half-
duplex AF-MIMO relay networks, for a considerable reduc-
tion in system hardware and signal processing complexity.
Let Hi = [h�(R(1),b(1)), h�(R(2),b(2)), . . . , h�(R(i),b(i))]

� denote the
selected partial backward channel matrix including the i
selected antennas. At the (i + 1)th step, the capacity of the
channel matrix Hi+1 with the inclusion of the channel vector
h(Rk ,m) from the source node to the mth candidate antenna of
the Rkth relay can be reexpressed as

CSR(Hi+1)

= log2

[

det
(

Ii +
Ps

Ns
HiHH

i

)]

+ log2

[

det

(

1 +
Ps

Ns

∥
∥h(Rk ,m)

∥
∥− Ps

Ns
h(Rk ,m)

×HH
i

(

Ii +
Ps

Ns
HiHH

i

)−1

HihH
(Rk ,m)

)]

.

(12)

The (i + 1)th antenna is selected based on the maximization
of (13) as follows:

(R(i + 1), b(i + 1))

= arg max
(Rk ,m)

×
[

1 +
Ps

Ns

∥
∥h(Rk ,m)

∥
∥− Ps

Ns
h(Rk ,m)

×HH
i

(

Ii +
Ps

Ns
HiHH

i

)−1

HihH
(Rk ,m)

]

.

(13)

This selection procedure is repeated until a total of K
backward antennas are determined. A total of NNR possible
antenna choices need to be examined at the first stage. At the
(i + 1)th step, the equivalent channel capacity resulted from
the antenna pair (Rk,m,n) can be expressed as

CSD(Hi+1)

= 1
2

log2

[

det
(

Υi +w2
(Rk ,m,n)g(Rk ,n)gH

(Rk ,n) +
Ps

Ns
QiQH

i

)]

− 1
2

log2

[

det
(

Υi +w2
(Rk ,m,n)g(Rk ,n)gH

(Rk ,n)

)]

,

(14)

where Qi = GiWiHi + w2
(Rk ,m,n)g(Rk ,n)h(Rk ,m). According to

(15), the antenna pair that is capable of maximizing the
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capacity CSD is selected. For simpler selection, we rewrite the
selection criterion and select the antenna pair which satisfies

(
R(i + 1), b(i + 1), f (i + 1)

)

= arg max
(Rk ,m,n)

det×
⎛

⎝Ai +
4∑

a=1

saqaqH
a

⎞

⎠− det(Υi)

−
(

1 +w2
(Rk ,m,n)gH

(Rk ,n)Υ
−1
i g(Rk ,n)

)

,

(15)

where q1 = u(i,Rk ,m,n) + g(Rk ,n), q2 = g(Rk ,n), q3 = u(i,Rk ,m,n),
q4 = w2

(Rk ,m,n)((Ps/Ns)‖h(Rk ,m)‖2 + 1)g(Rk ,n), [s1, s2, s3, s4] =
[1,−1,−1, 1], u(i,Rk ,m,n) = (Ps/Ns)GiWiHiw

2
(Rk ,m,n)hH

(Rk ,m),
and Ai = Υi + (Ps/Ns)GiWiH2

i WH
i GH

i . Note that only
KNR antenna combinations have to be evaluated at the
second stage. It is readily known that the GCM technique
proposed in [17] is able to produce an optimal set of active
antennas by performing an exhaustive search from a pool of
NN2

R antenna combinations to maximize (11). However, the
computational cost incurred by such a brute-force search is
very expensive and thus leads to a limited usage in practice.
This computational requirement is, in general, prohibitive
for low-power and cost-effective MIMO-relaying networks.
Fortunately, the MGCM approach obviates the necessity
of an exhaustive relay and antenna joint search and thus
a substantial saving in complexity can be achieved. The
fact that in contrast to the GCM approach, the antenna
combinations to be treated in the MGCM algorithm are
reduced greatly from NN2

R to (N + K)NR should be pointed
out.

4. Optimal Power Allocation

In this section, both the optimal and equal-power allocation
constraints across the activated K antenna pairs in the half-
duplex AF-MIMO multirelay system are considered in what
follows. To obtain the optimal-power allocation (OPA) of the
relay-weighting matrix W, the singular value decomposition
(SVD) technique is employed to perform factorizations of
both the compound backward and forward channel matrices,
that is,

H = UHΛHVH
H,

G = UGΛGVH
G,

(16)

where UH ∈ CK×K and UG ∈ CND×ND denote the left singular
matrices of compound matrices H and G, respectively. VH ∈
CNS×NS and VG ∈ CK×K indicate the right singular matrices
of compound matrices H and G, respectively. ΛH and ΛG

are diagonal singular-value matrices of compound matrices
H and G, respectively. σH,i, i = 1, 2, . . . ,K , and σG,i, i =
1, 2, . . . ,K , represent, respectively, the ith diagonal elements
of ΛH and ΛG, which are arranged in a decreasing order. Note
that the condition of K ≤ min{NS,ND} is preserved in what
follows. According to [25], the SNR at the destination node
is readily shown as

SNR = tr
(

GWHσ2
x HHWHGH

)

tr
(

GWσ2
nR

WHGH
)

+ σ2
nD

. (17)

The SNR optimization problem under the total transmit
power constraint on K-activated antenna pairs can be
equivalently formulated as

min
w2
i,i

−
K∑

i=1

σ2
G,iσ

2
H,iσ

2
xw

2
i,i

σ2
G,iσ2

nR
w2
i,i + σ2

nD

s.t.
K∑

i=1

w2
i,i

(

σ2
xσ

2
H,i + σ2

nR

)

≤ PR

(18)

The optimum values of w2
i,i, i = 1, 2, . . . ,K , can be attained

based on the Karush-Kuhn-Tucker (KKT) optimality condi-
tions [26], which is given by

w2
i,i =

⎛

⎜
⎝

(

σG,iσH,iσxσnR /λ
1/2
√

σ2
xσ

2
H,i + σ2

nR

)

− σ2
nD

σ2
G,iσ2

nR

⎞

⎟
⎠

+

,

i = 1, 2, . . . ,K ,

(19)

where the Lagrangian multiplier λ is chosen to meet the
total transmit-power constraint over K antenna pairs in (18),
which is determined by means of an iterative water-filling
technique as follows:

λ =
⎛

⎝
K∑

i=1

σG,iσH,iσxσnD

(

σ2
H,iσ

2
x − σ2

nD

)

PRσ
2
G,iσ2

nR

√

σ2
xσ

2
H,i + σ2

nR

⎞

⎠

2

. (20)

When the equal-power allocation (EPA) constraints
across the activated K antenna pairs is considered, the values
of w2

i,i, i = 1, 2, . . . ,K , can be attained as

w2
i,i =

PR

K
(

σ2
x

∥
∥h(R(i),b(i))

∥
∥2

F + σ2
nR

) , i = 1, 2, . . . ,K. (21)

5. Destination Antenna Subset
Selection Criteria

To alleviate hardware cost and implementation complexity
of a dual-hop AF-wireless MIMO multiple-relay system,
antenna selection schemes are also performed at the des-
tination node. Through the use of (11), the capacity of
the equivalent channel matrix Heq from the source to the
destination can be reformulated as

CSD

(

Heq

)

= −1
2

log2

[

det
(

IND +
Ps

Ns
HeqHH

eqΥ
−1
)−1

]

. (22)

The MSE for the jth detection stage of the dual-hop AF-
MIMO multiple-relay system can be expressed as [27]

MSEkj =
[
Ps

Ns

(

IND + Heq j
H

H
eq j
Υ−1

eq j

)−1
]

kj ,kj
, (23)

where the matrix Heq j
in (23) is obtained by setting all the

k1th, k2th, . . . , k( j−1)th columns of Heq to zeros. By recursively
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substituting the MSEkj of (23) at stage kj , kj = 1, 2, . . . ,ND,
into (22), the capacity of the dual-hop AF-MIMO multiple-
relay system at the final detection stageND can be reexpressed
as [27]

CSD

(

Heq

)

= − Ps

2Ns
log2

⎛

⎜
⎝

i∏

kj=1

MSEkj × det
(

IND−i + HeqiH
H
eqi
Υ−1

eqi

)−1

⎞

⎟
⎠

= − Ps

2Ns
log2

⎛

⎜
⎝

ND∏

kj=1

MSEkj

⎞

⎟
⎠.

(24)

Thus, according to (24), to maximize the capacity of the
selected antenna subset cl for the dual-hop AF-MIMO
multiple-relay system is equivalent to minimize the products
of MSEs at all stages (i.e., MSEkj , kj = 1, 2, . . . ,ND), for cl.

In what follows, let cl, for l = 1, 2, . . . ,
(
ND
L

)

, denote all
possible combinations of L antennas out of the complete set
of ND receive antennas. In the sequel, the symbol detection is
performed by the V-BLAST MMSE detection scheme.

6. Existing Antenna Subset Selection Criteria

In this section, two categories of joint relay-and-antenna
selection algorithms, namely, distributed orthogonal relay
selection (DORS) [11] and fast antenna subset selection
algorithm (FASSA) [13], are briefly reviewed.

6.1. Distributed Orthogonal Relay Selection. The first relay-
based antenna selection algorithm is called “distributed
orthogonal relay selection” (DORS) [11]. The authors in
[11] propose a selection process that combines projection
and harmonic mean to select antenna pairs from multiple-
relay nodes. In order to maximize the channel capacity,
two selection criteria play significant roles. At first, the
equivalent channel matrix has to be made as diagonal as
possible to minimize the interferences among the parallel
data streams. Secondly, the equivalent channel gains need
to be as large as possible to maximize the SNR per data
stream. Let Hi = [h(R(1),b(1)), h(R(2),b(2)), . . . , h(R(i),b(i))]

� and
Gi = [g(R(1), f (1)), g(R(2), f (2)), . . . , g(R(i), f (i))] denote the back-
ward and forward channel matrices including the i-selected
antennas-respectively, and the index (Rk,m,n) represents
the mth backward candidate antenna and the nth forward
candidate antenna at the Rkth relay. The (i + 1)th antenna
pair is determined by

(
R(i + 1), b(i + 1), f (i + 1)

)

= arg max
(Rk ,m,n)

f
(∥
∥
∥h⊥(Rk ,m)

∥
∥
∥

F
,
∥
∥
∥g⊥(Rk ,n)

∥
∥
∥

F

)

,
(25)

where f (‖a‖F,‖b‖F) denotes a harmonic mean of vectors a
and b given by f (‖a‖F,‖b‖F) = (2‖a‖F·‖b‖F)/(‖a‖F+‖b‖F).
Additionally, the projection vectors h⊥(Rk ,m) and g⊥(Rk ,n) are

derived by means of Gram-Schmidt (GS) orthogonalization.
The backward and forward candidate antenna vectors are
projected into the spaces spanned by Hi and Gi, respectively,
which are given by

h⊥(Rk ,m) = h(Rk ,m) −
i∑

j=1

h(Rk ,m)hH
(R( j),b( j))

∥
∥
∥h(R( j),b( j))

∥
∥
∥

2

F

h(R( j),b( j))

g⊥(Rk ,n) = g(Rk ,n) −
i∑

j=1

g(Rk ,n)gH
(R( j), f ( j))

∥
∥
∥g(R( j), f ( j))

∥
∥
∥

2

F

g(R( j), f ( j)).

(26)

The DORS antenna selection algorithm runs until a subset of
K antennas are selected.

6.2. Modified Fast Antenna Subset Selection Algorithm. In
[13], a fast antenna subset selection algorithm (FASSA) is
introduced for a two-hop MIMO-AF relay system to avoid
the intensive complexity of an exhaustive search algorithm
and make antenna subset selection practical for applications.
The FASSA algorithm for MIMO-AF relay attempts to
maximize a lower bound of the capacity instead of the exact
capacity. According to [13], the capacity CSD in (11) can be
further simplified and lower bounded by

CSD = 1
2

log2

[

det
(

IK +
Ps

Ns
HHHGHG

(

IK + ρGHG
)−1

)]

(27)

= 1
2

log2

[

det
(

IK +
Ps

Ns
HHHGHG

×
(

IK −
(

IK + ρGHG
)−1

))] (28)

≥ 1
2

log2
(Ps/Ns)

K det
(

HHH
)

det
(

GHG
)

∏K
a=1

(
(
1/ρ

)
+
∥
∥
∥g(R(a), f (a))

∥
∥
∥

2
) , (29)

where the coefficient ρ keeps the total transmit power of the
LR-selected relays equal to PR. It should be noticed that the
lower bound of the capacity CSD is derived based on the
Hadamard inequality [28]. In the (n+ 1)th step of the FASSA
algorithm, the index set of (R(i + 1), b(i + 1), f (i + 1)) is
determined in order to maximize the lower bound given in
(29), which satisfies

(
R(i + 1), b(i + 1), f (i + 1)

)

= arg max
(Rk ,m,n)

det
([

H∪ h(Rk ,m)
][

H∪ h(Rk ,m)
]H
)

·
det
([

G∪ g(Rk ,n)
]H[G∪ g(Rk ,n)

])

∏i+1
a=1

(
(
1/ρ

)
+
∥
∥
∥g(R(a), f (a))

∥
∥
∥

2
) .

(30)
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Figure 2: System-capacity performance comparisons of various relay antenna selection algorithms in terms of the number of candidate relays
N for an AF-MIMO multiple-relay system with the use of [NS, NR, ND, K] = [10, 2, 10, 4] and the (a) low and (b) high spatial-correlation
scenarios under either an optimal or equal-power allocation.

However, the FASSA scheme in [13] ignores the effects of
relay weighting matrix when executing antenna selection so
that the accuracy of channel capacity is affected seriously.
Thus, by taking the relay weighting matrix into account,
the modified FASSA (MFASSA) algorithm can be operated
in more comprehensive and accurate way. Let Wi denote
the compound weighting matrix at the ith step and then
be substituted into (29). After the completeness of the ith
antenna selection, the lower bound for CSD shown in (29)
can be reformulated as

CSD ≥ 1
2

log2

(Ps/Ns)
i det

(

HiHH
i

)

det
(

(GiWi)
H(GiWi)

)

∏i
a=1

(

σ2
nD

Ii + σ2
nR

(GiWi)
H(GiWi)

)

a,a

.

(31)

7. Numerical Results

In this section, computer simulations are conducted to
demonstrate the system-capacity performance of the pro-
posed antenna-pair selection scheme for a dual-hop AF-
MIMO multiple-relay system in correlated channels. Let the
notation of [NS,NR,ND,N ,K] denote a subset of K antenna
pairs selected from an AF-mode MIMO N-relay system
equipped with NS, NR, and ND antennas, respectively, at
the source, each relay, and the destination. A Kronecker
correlated channel model [22] with the use of dS = dRi = dD

and θS = θRi = θD is considered in the correlated MIMO
channel. Here d denotes the antenna spacing and θ stands for
the angular spread. Throughout simulations, both the total
transmit power of K-activated antenna pairs selected from
LR relays (i.e., LR ≤ K) PR and the power constraint at the
source PS are set to 10 dB. In addition, it is assumed that

the full channel state information (CSI) of all channel links
is available and the perfect synchronization can be achieved.
Here, 10000 Monte Carlo runs are conducted for each relay
deployment.

In Figure 2, the system-capacity comparisons of
various antenna subset selection schemes are provided
for an AF-MIMO multiple-relay system with the use of
[NS,NR,ND,K] = [10, 2, 10, 4] and two different spatial-
correlation scenarios, that is, dS = dRi = dD = 0.8λ and
θS = θRi = θD = 100◦ in (a) and dS = dRi = dD = 0.4λ
and θS = θRi = θD = 40◦ in (b), in terms of the number
of candidate relays. It is observed from both figures that
the system-capacity performance degrades significantly
when all antenna-pair selection schemes operate in a high
spatial-correlation channel. Among those five antenna
selection algorithms, the GCM method accomplishes the
best capacity performance at the expense of the most heavy
computational complexity. Remarkably, it is evident that the
proposed MGCM antenna selection scheme is capable of
achieving similar capacity level to the GCM algorithm at a
much lower complexity cost. It is also seen from Figure 2 that
the proposed MGCM method produces uniformly better
performance than those of the FASSA, the MFASSA, and the
DORS techniques. Moreover, the DORS scheme produces a
worst capacity performance among those antenna selection
schemes due to ignorance of the effects of the matrix Υ
during the antenna selection process. Furthermore, it should
be emphasized that all antenna-pair selection algorithms
with the aid of an optimal power allocation outperform
significantly the ones with an equal power allocation in
system capacity performance no matter under the low or
high correlated channel.
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Figure 3: System-capacity performance comparisons of various destination antenna selection algorithms in terms of SNR for an AF-MIMO
multiple-relay system with [NS, NR,ND, N, K, L] = [10, 2, 10, 10, 4, 4] and a fixed relay antenna-pair selection process in the (a) low and (b)
high spatial-correlation channels.

Figure 3 evaluates system-capacity comparisons of var-
ious destination antenna selection algorithms for an AF-
MIMO multiple-relay system with [NS,NR,ND,N ,K ,L] =
[10, 2, 10, 10, 4, 4] and a fixed relay antenna-pair selection
process in the low (a) and high (b) spatial-correlation chan-
nels in terms of SNR. In the figure, “full complexity” means
that all the available receive antennas at the destination node
are employed for demodulation in an AF-MIMO multiple-
relay system (i.e., the full set of antennas at the destination
node). “Random” denotes the receive antenna subset is
chosen randomly from an entire set of receive antennas.
“MinmaxMSE” indicates that the desired receive antennas
are selected based on the performance-based criterion in
Section 5 which is determined by the calculated MSEs in
(24). “Optimal” represents that an exhaustive search over all
possible receive-antenna combinations is performed based
on the capacity-based criterion. As the results in Figure 2, the
system-capacity performance degrades significantly when all
destination antenna selection schemes operate in a high
spatial-correlation channel. In addition, from both figures,
the proposed antenna selection algorithm at destination
can maintain good performance no matter in high or
low correlation channel. The fact that with the use of
moderate antenna selection criteria, the selected receive
antenna subset is able to produce an improved channel
capacity over the random antenna selection should be
emphasized.

8. Conclusions

In this paper, a reduced-complexity layered MGCM antenna
subset selection scheme is proposed for a dual-hop AF-
MIMO multiple-relay system over correlated fading chan-
nels. From simulation results, it is obvious that a consider-
able reduction in system hardware cost and signal processing
complexity is achieved by means of the modified GCM
architecture under either optimal or equal-power allocation.
In addition, the modified GCM method provides similar
capacity performance to the GCM scheme and achieves
better capacity performance than those of the FASSA, the
MFASSA, and the DORS techniques. As a consequence, this
computationally-efficient modified GCM-based antenna-
pair selection strategy is suitable for applications in the non-
regenerative AF-MIMO multiple-relay wireless systems.
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We introduce the superimposed training strategy into the multiple-input multiple-output (MIMO) amplify-and-forward (AF)
one-way relay network (OWRN) to perform the individual channel estimation at the destination. Through the superposition of
a group of additional training vectors at the relay subject to power allocation, the separated estimates of the source-relay and
relay-destination channels can be obtained directly at the destination, and the accordance with the two-hop AF strategy can be
guaranteed at the same time. The closed-form Bayesian Cramér-Rao lower bound (CRLB) is derived for the estimation of two sets
of flat-fading MIMO channel under random channel parameters and further exploited to design the optimal training vectors. A
specific suboptimal channel estimation algorithm is applied in the MIMO AF OWRN using the optimal training sequences, and
the normalized mean square error performance for the estimation is provided to verify the Bayesian CRLB results.

1. Introduction

In recent years, the use of relays has gained significant interest
for the advantage of enhancing link reliability and increasing
channel capacity in a wireless network. By transmitting the
signal through one or more relays located at geographically
separated nodes, the effect of signal fading due to multipath
propagation and strong shadowing can be compensated
through the exploitation of spatial diversity provided by the
network nodes, as well as the efficient use of power resources,
which can be achieved by a scheme that simply receives and
forwards a given information, yet designed under certain
optimality criterion. In particular, the source can cooperate
with the relay to forward the replicas of the source signal
to the destination thereby providing additional diversity and
improved signal quality at the destination. There has been
several relaying strategies, of which the most dominant are
amplify-and-forward (AF) and decode-and-forward (DF).

Multiple-input multiple-output (MIMO) technology, by
providing significant improvements in terms of spectral
efficiency and link reliability, has been introduced to achieve
high data rates required by the next-generation wireless

communication systems. Since MIMO systems are able to
support high-data rates by combating fading and interfer-
ence, coupling relay networks with MIMO techniques is a
natural extension to the state of the art. The basic idea is
to introduce relays that forward the data to the destination,
which is otherwise out of the reach of the source. With two-
hop relaying, we can increase the rank and consequently
the capacity of ill-conditioned (rank deficient) MIMO
channels. Relaying information on two-hops also decreases
the need for high power at the transmitter. For MIMO
relay channels where every terminal in the wireless network
can be deployed with multiple antennas, studies are mainly
concentrated on spatial multiplexing (SM) systems. The
potentiality of MIMO relay channels in wireless networks has
been discussed and several results on capacity bounds have
been found in previous works [1–3], and the optimal relay
beamforming design and the corresponding transceivers
design have been studied in MIMO scenarios [4–8].

Before enjoying all the benefits brought by the MIMO
relay network, an accurate channel state information (CSI)
is required at the destination (for AF) or at both relay and
destination (for DF). However, most of the existing works
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are based on the assumption that all nodes have perfect CSI,
which is actually the perfect knowledge of backward (source-
relay) and forward (relay-destination) channels. Recently, the
estimation algorithms for the cascaded channel of source-
relay-destination link have been proposed in [9–12] for
AF-based MIMO relay systems, as data detection at the
destination only requires the knowledge of the cascaded
channel.

However, only the cascaded channel information is not
enough in some other applications, and the individual
information of both the backward and forward channels is
needed for the destination to perform certain operations.
For example, in relay beamforming schemes [13, 14],
especially in noncoherent MIMO relay networks, where the
optimization process is performed at the destination [7], the
individual CSIs are utilized to design the optimal amplifying
matrix at the relay and the power allocation between the
source and relay so as to maximize the instantaneous capacity
of the two-hop MIMO AF relay system. Another application
is the subcarrier pairing, which is performed at the relay to
allocate power over subcarriers on the two-hops such that the
instantaneous rate of the relay link is maximized [15, 16], the
destination also needs the individual CSIs in order to know
the pairing strategy used at the relay.

Conventionally, the backward and forward channels can
be estimated directly at the relay and destination, respec-
tively, and then the relay spends additional time slots to send
the backward channel estimation to the destination through
the feedback channel. Apart from the additional energy
and time slots consumed on the feedback transmission, the
feedback information are subject to further distortion such
as the quantization errors of the channel estimates and the
errors in the communication through the feedback channel.
An alternate way to estimate the individual channels at the
destination is to apply a three-phase training strategy, that
is, after the two phase training as in the estimation of the
cascaded channel, the relay sends its own training to the
destination so that the individual channels can be estimated
[17, 18]. However, a critical drawback of this strategy is
its incompatibility with the two-phase data transmission.
Moreover, as demonstrated in [14, 19, 20], the performance
of a two-hop MIMO AF relay system can be improved if the
individual CSIs are exploited.

Therefore, in a practical scenario, it is important to
design a MIMO relay scheme that provides both in accor-
dance with the two-hop data transmission and the estimates
of individual channels at the destination. In [21], a least
square (LS) method is developed to estimate the individual
channels from the singular value decomposition (SVD) of
the cascaded channel.

Inspired by the superimposed training in point-to-point
communications, [22, 23] designed a superimposed training
strategy in AF OWRN, where all the nodes are equipped
with single antenna. We extend the research to multiantenna
scenario and introduce the superimposed training strategy
into MIMO AF OWRN in this work. The individual channel
estimation is accomplished at the destination, and the
closed-form Bayesian Cramér-Rao lower bound (CRLB) is
derived for the estimation of flat-fading MIMO channels,

Source

Backward
channel

Relay Destination

Forward
channel

N R R M

1 1 1 1
...

...
...

...

Figure 1: A MIMO relay system.

which is further used to guide the optimal training design.
Specifically, the relay superimposes its own training signal
over the received signal before forwarding it out, which pro-
vides the separated channel information, and the total relay
power is allocated between the two parts reasonably. The
simulation is provided to verify the Bayesian CRLB results
by the normalized mean square error (NMSE) performance
of a specific suboptimal channel estimation algorithm. The
extracted individual channel information can be used to help
predict the actions of the relay for data transmission, such as
power allocation and carrier permutation, without the need
of feedback from the relay.

The rest of the paper is organized as follows. The
system model of superimposed training in the MIMO AF
OWRN is given in Section 2. In Section 3, the Bayesian
CRLB of superimposed training-based channel estimation is
derived and used to design the optimal training sequences.
A suboptimal channel estimation algorithm is described in
Section 4. Finally, the simulation results are provided in
Section 5 and conclusions are drawn in Section 6.
Notations. Vectors and matrices are boldface small and
capital letters. The Hermitian, inverse, and pseudoinverse of
the matrix A are denoted by AH , A−1, and A†, respectively.
tr(A) and ‖A‖F are the trace and the Frobenius norm of A.
[A]i j is the (i, j)th entry of A, and diag{a} denotes a diagonal
matrix with the diagonal element constructed from a. I is the
identity matrix, and ei is the basis vector with the ith element
1 and 0 otherwise. E{·} denotes the statistical expectation,
and ⊗ denotes the Kronecker product.

2. System Model

Consider a nonregenerative MIMO relay system as in
Figure 1, there is one source with N antennas, one des-
tination with M antennas, and one relay with R receive
antennas and R transmit antennas. It is assumed that there
is no spatial correlation at the relay, and the direct link
between the source and destination is ignored due to the
larger distance and additional pathloss compared to the
relay link. When SM is applied at the source, it requires
M ≥ N and R ≥ N such that the compound channel
can support N independent substreams. For expositional
purpose, we assume without loss of generality M ≤ R in the
following. However, our results below can be extended easily
to the case M > R. Through this paper, we assume perfect
synchronization among all terminals, and the total transmit
power for the source and the relay is the same.

We restrict our discussion to the case of a slow,
frequency-flat block fading model. The data transmission
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takes place in two time slots using two-hops. During the first
time slot, the source transmits the signal to the relay and
yields the received signal as

r(n) = H1x(n) + wR(n), (1)

where r(n) is the R×1 received signal vector at the relay, x(n)
is the N × 1 transmit signal vector with covariance matrix
(ρs/N)IN , and ρs denotes the transmit power of the source.
H1 ∈ CR×N denotes the backward channel matrix and its
entries are assumed to be zero-mean circular symmetric
complex Gaussian (ZMCSCG) random variables of unit
variance. wR(n) is the R × 1 complex circular additive white
Gaussian noise (AWGN) vector at the relay with zero mean
and covariance matrix σ2

nIR.
The relay processes the received signal and superimposes

a new training vector tr over it. The forwarded signal at the
relay can be written as

rt(n) = αG[H1x(n) + wR(n)] + tr(n), (2)

where the scalar α controls the power allocation between
the received signal and the superimposed training, G =
√

(ρr/R)/(1 + ρs)IR is a suboptimal but convenient forward-

ing scaling matrix with σ2
n fixed as 1, and ρr corresponds

to the transmit power of the relay. The following constraint
should be satisfied for the training block:

E
{

‖rt(n)‖2
F

}

= α2

(
ρr/R

)

1 + ρs

(
Rρs + Rσ2

n

)
+ tHr tr ≤ ρr . (3)

For the power allocation scheme at the relay, define ρt =
tHr (n)tr(n) as the average power assigned for the superim-
posed training at the relay, and then we have

ρt = ρr − α2

(
ρr/R

)

1 + ρs

(
Rρs + Rσ2

n

) = ρr
(
1− α2). (4)

The received signal at the destination is represented as

y(n) = αH2Gr(n) + H2tr(n) + wD(n)

= αH2GH1x(n) + H2tr(n) + αH2GwR(n) + wD(n)

Δ= Hx(n) + H2tr(n) + w(n),

(5)

where H2 ∈ CM×R denotes the forward channel matrix, and
its entries are assumed to be ZMCSCG random variables of
unit variance. wD(n) is the M × 1 complex circular AWGN
vector at the destination with zero mean and covariance
matrix σ2

nIM . H = αH2GH1 is defined as the cascaded
channel from the source to the destination, and w(n) =
αH2GwR(n) + wD(n) is the overall noise at the destination.

For channel estimation purposes, we assume that two
sets of known training sequences X = [x1, . . . , xL] and
Tr = [tr1, . . . , trL] of length L is transmitted, where L ≥ N .
The optimal training sequences are orthogonal across all
transmitting antennas [23], that is,

XXH = LIN , TrTH
r = LIR. (6)

Then the data model during one training period can be
expressed as

Y = αH2GH1X + H2Tr + N, (7)

where N = [w(1), . . . , w(L)] is the compound noise matrix
during the ith training block. The task of channel estimation
in the MIMO OWRN is to find H1 and H2 from Y at the
destination.

3. Bayesian Cramér-Rao Bound and the Train-
ing Design

For many practical estimation problems, popular estimators
such as the maximum likelihood (ML) estimator or the max-
imum a posteriori (MAP) estimator are infeasible, so one
has to resort to suboptimal estimators, which are typically
evaluated by determining mean square error (MSE) through
simulations and by comparing this error to theoretical
performance bounds. In particular, the family of Cramér-
Rao bound (CRB) has been shown to give tight estimation
lower bounds in a number of practical scenarios.

3.1. Bayesian Cramér-Rao Bound. The CRB for the esti-
mation of deterministic parameters is given by the inverse
of the FIM, and Van Trees derived an analogous bound
to the CRB for random variables, referred to as “Bayesian
CRB” (BCRB). Unlike the standard and modified CRBs,
the statistical dependence is naturally considered within the
BCRB framework. With the assist of BCRB, the performance
of the suboptimal estimators in the MIMO OWRN can be
assessed, and the optimal training design can be obtained.

Given the parameter vector θ = [hT
1 , hT

2 ]
T

, the Gaussian
random vector to be estimated, where h1 = vec(H1) and
h2 = vec(H2) are the vector forms of H1 and H2, and the
Bayesian FIM is defined as

J = E

⎧
⎨

⎩

∂ ln p(Y, θ)
∂θ∗

(
∂ ln p(Y, θ)

∂θ∗

)H
⎫
⎬

⎭
=

[
J11 J12

JH
12 J22

]

, (8)

where the expectation is taken over the joint probability
density function (pdf) p(Y, θ).

Lemma 1. The Bayesian FIM is computed as

J11 = c1

(

X∗XT
)

⊗ IR + R−1
h1

,

J12 = 0NR×MR,

J21 = 0MR×NR,

J22 = c2 tr
(

X∗XT
)

IMR + c3
(

T∗r ⊗ IM
)(

TT
r ⊗ IM

)

+ c4IMR + R−1
h2

,

(9)
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where Rh1 and Rh2 are the covariance matrices of h1 and h2,
respectively, and

c1 = α2ρr
σ2
nR

(
1 + ρs + α2ρr

) ,

c2 = α2ρr
σ2
nR

(
1 + ρs + α2ρr

) ,

c3 =
(
1 + ρs

)

σ2
n

(
1 + ρs + α2ρr

) ,

c4 = α4LMρ2
r

[(
1 + ρs

)
+ σ2

n

(
1 + ρs + α2ρr

)]

R2
(
1 + ρs

)(
1 + ρs + α2ρr

)2 .

(10)

Proof. See Appendix A.

Before proceeding, we give the Bayesian FIM results for
two special cases: α = 0 and α = 1. Fix the parameters N =
R = M, σ2

n = 1, ρs = ρr , and α = 0 corresponds to the
case when all the relay power is allocated to the superimposed
training, then we have

J11 = R−1
h1

,

J12 = 0NR×MR,

J21 = 0MR×NR,

J22 =
(

T∗r ⊗ IM
)(

TT
r ⊗ IM

)

+ R−1
h2
.

(11)

The results for α = 0 are in line with our expectation,
since the superimposed training occupies all the relay power,
which means the original training from the source is
discarded by the relay, the direct outcome is that the training
power only works on the estimation of H2.

As for α = 1, all the relay power is used to amplify and
forward the received signal from the source, and ρt = 0, then
we have

J11 = c1

(

X∗XT
)

⊗ IR + R−1
h1

,

J12 = 0NR×MR,

J21 = 0MR×NR,

J22 = c2 tr
(

X∗XT
)

IMR + c4IMR + R−1
h2

,

(12)

where

c1 = ρs
R
(
1 + 2ρs

) ,

c2 = ρs
R
(
1 + 2ρs

) ,

c4 = Lρ2
s

(
2 + 3ρs

)

R
(
1 + ρs

)(
1 + 2ρs

)2 .

(13)

The results for α = 1 are also expectable since the training
power is concentrated in the original training sequences from
the source, which works on the estimation of both H1 and H2

at the same time.

Since J12 = 0NR×MR and J21 = 0MR×NR, the BCRBs for
H1 and H2 can be separately expressed as

BCRBh1 = J−1
11 , BCRBh2 = J−1

22 , (14)

and the channel error covariances are lower bounded by

Covh1 = E
{

Δh1ΔhH
1

}

� BCRBh1 ,

Covh2 = E
{

Δh2ΔhH
2

}

� BCRBh2 ,
(15)

where X � Y means that X − Y is positive semidefinite. Fur-
thermore, the channel estimation MSEs are lower bounded
by

MSEh1 = tr
(
Covh1

) ≥ tr
(
BCRBh1

)
,

MSEh2 = tr
(
Covh2

) ≥ tr
(
BCRBh2

)
.

(16)

3.2. Training Design from Bayesian Cramér-Rao Lower Bound.
For the purpose of minimizing the MSEs in the channel
estimation, the two optimizations on the training sequences
in the MIMO AF OWRN are formulated as

min
X

tr
(
BCRBh1

)

s.t. XHX = ρsIL,
(P1)

min
X,Tr

tr
(
BCRBh2

)

s.t. XHX = ρsIL

TH
r Tr = ρtIL.

(P2)

Lemma 2. The training sequences satisfying

X∗XT = L

N
ρsIN , (C1)

(
T∗r ⊗ IM

)(

TT
r ⊗ IM

)

= L

R
ρtIMR, (C2)

are optimal solutions to (P1) and (P2).

Proof. See Appendix B.

The BCRBs become diagonal matrices with the optimal
training in (C1) and (C2), and the bounds for MSEs of
individual channel taps can be obtained as

MSEh1i = E
{

|Δh1i|2
}

≥ 1
(

c1ρs +
(

1/σ2
h1,i

)) ,

MSEh2i = E
{

|Δh2i|2
}

≥ 1
(

c2Lρs + c3(L/R)ρt + c4 +
(

1/σ2
h2,i

)) .

(17)

4. Suboptimal Channel Estimation Algorithm

Using the optimal training vectors, we refer to the suboptimal
estimators to verify the Bayesian Cramér-Rao Lower Bound
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(CRLB) results in the MIMO AF OWRN, since the channel
statistics are assumed known. A linear minimum mean
square error (LMMSE) estimator is designed to estimate the
two sets of MIMO channels. The corresponding covariances
RH and RN are given as below, and the calculations are listed
in Appendix C,

RH2 = E
{

HH
2 H2

}

=MIR,

RH = E
{

HHH
}

= α2ρr
R
(
1 + ρs

)E
{

HH
1 RH2 H1

}

= α2ρrM
(
1 + ρs

) IN .

(18)

Recalling N = αH2GWR + WD, and WR and WD are
mutually independent, we have

RN = E
{

NHN
}

= M
(
1 + ρs + α2ρr

)

(
1 + ρs

) IL. (19)

The LMMSE estimate of H is expressed as

Ĥ = Y
(

XHRHX + TH
r RH2 Tr + RN

)−1
XHRH, (20)

and the corresponding estimate error can be computed as

MSE = tr

{(

R−1
H + X

(

TH
r RH2 Tr + RN

)−1
XH

)−1
}

. (21)

Similarly, the LMMSE estimate of H2 is expressed as

Ĥ2 = Y
(

XHRHX + TH
r RH2 Tr + RN

)−1
TH
r RH2 , (22)

and the corresponding estimate error can be computed as

MSE = tr

{(

R−1
H2

+ Tr

(

XHRHX + RN

)−1
TH
r

)−1
}

. (23)

With Ĥ and Ĥ2, the estimate of H1 can be computed as

Ĥ1 = (αH2G)†Ĥ. (24)

Other estimation algorithms can always be applied to
achieve better MSE performance with additional computa-
tional complexity accompanied, and here we give an example
of modified LMMSE algorithm. Since Ĥ2 can be directly
obtained from Y, we can further exploit Ĥ2 for the estimation
of Ĥ1, that is, remove the impact of Ĥ2 over Ĥ1 from Y
according to the interference cancellation principle, and take
into account the fact that the overall noise component at the
destination contains certain information about Ĥ2.

The modified estimation process is as follows, after
obtaining the LMMSE estimate Ĥ2, the received signal can
be rewritten as

y −
(

TT
r ⊗ IM

)

ĥ2 = H2h1 + α
(

IL ⊗ Ĥ2G
)

vec(WR)

+ vec(WD),
(25)

where H2 = α[XT ⊗ (Ĥ2G)], then the LMMSE estimate of h1

can be computed as

ĥ1 = Rh1H
H
2

×
[

H2Rh1H
H
2

+ σ2
n

(

α2
(

IL ⊗ Ĥ2G
)(

IL ⊗ Ĥ2G
)H

+ ILM

)]−1

×
(

y −
(

TT
r ⊗ IM

)

ĥ2

)

,

(26)

where Rh1 = IRN .

5. Simulations

In this section, we provide numerical results to verify our
studies. For the sake of simplicity and without loss of
generality, we set N = M = R = 2, T = 64, ρs =
ρr , and σ2

n = 1. The optimal training sequences designed
from the Bayesian CRLBs are used, and the total training
power is the same in all the scenarios. The NMSE is defined
as the channel estimation MSE divided by the product of
the number of transmit antennas and receive antennas, for
example, NMSEH1 = MSEH1 /RN , NMSEH2 = MSEH2 /MR.

The theoretical Bayesian CRLBs are then calculated for
H1 and H2 as the function of α and SNR, as in Figures 2
and 3, respectively. It is observed that the Bayesian CRLB of
H2 is always smaller than that of H1 for any given α, which
is expected because the superimposed training is devoted to
the estimation of H2 while the training sequences from the
source contribute the same power to the estimation of both
H1 and H2. Moreover, as α increases, the power allocated
for the original training from the source becomes greater,
which means that the training power for the estimation of
H1 becomes larger, thus the NMSE performance is improved
and the Bayesian CRLB of H1 gets lower accordingly.
Meanwhile, the training for the estimation of H2 comes
from both the original training from the source and the
superimposed training from the relay, so the training power
is always balanced automatically, and thus the Bayesian CRLB
of H2 maintains at a stable level regardless of the values of α.

We then examine the NMSE performance of the sub-
optimal estimator, as shown together with the theoretical
Bayesian CRLBs in Figures 4, 5, and 6 for different values
of α. Since H1 is obtained by removing the effect of H2,
where the error in the estimated H2 should be taken into
account, the NMSE performance of channel estimation for
H2 is always better than that for H1, which is consistent with
the comparison between the two Bayesian CRLBs. Moreover,
as α increases, the power allocated for the superimposed
training from the relay becomes smaller; thus, the direct
estimate of H2 is deteriorated accordingly, which can be
seen from the increasing gap between the channel estimation
NMSEs and the Bayesian CRLBs of H2. As for the estimation
of H1, although the power allocated for the original training
from the source becomes greater as α increases, the error
effect from the estimation of H2 also becomes greater, and
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Figure 2: Bayesian CRLBs versus α.
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Figure 3: Bayesian CRLBs versus SNR.

thus the gap between the channel estimation NMSEs and
the Bayesian CRLBs of H1 remains basically unchanged for
different values of α.

We also provide the simulation results considering
different numbers of antennas at the relay and destination,
for example, same N , different R and M in Figure 7 with α
fixed as 0.5. It is seen that when the same transmit power
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Figure 4: Channel estimation NMSEs versus SNR for α = 0.25.
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Figure 5: Channel estimation NMSEs versus SNR for α = 0.5.

is applied for the source and relay, the antenna number
affects the channel estimation in MIMO AF OWRN a lot. The
channel estimation NMSE decreases when M, the number
of receive antennas at the destination, increases, especially
the NMSE of H1, which is a consistent phenomenon as
in the traditional MIMO channel estimation. On the other
hand, the channel estimation NMSE increases when R, the
number of transmit antennas at the relay, increases. Note
that, in the traditional multiple-input single-output systems,
the channel estimation MSE is only related with the transmit
power but is not related with the number of antennas.
However, the reason for the degrading performance in
MIMO AF relay networks is because the relay forwards
additional noise to the destination too, while the total
training power remains the same.
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Figure 7: Channel estimation NMSEs versus R and M for α = 0.5.

The NMSE performance of the modified LMMSE algo-
rithm is depicted in Figure 8 with α fixed as 0.5. As
we can see, the estimated H1 could directly benefit from
the interference cancellation and the information of H2

contained in the noise covariance, especially in low SNR
region. The gap between the estimation NMSEs and their
corresponding CRLBs is caused by the utilization of low-
complexity LMMSE estimator instead of the optimal MMSE
or MAP estimator.

The simulation results verify our proposal that with a
fraction of relay power devoted to the superimposed training
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Figure 8: Modified LMMSE channel estimation NMSEs versus
SNR for α = 0.5.

in the MIMO AF OWRN, the individual channel informa-
tion of H1 and H2 can be directly obtained at the destination,
and the channel estimation of H1 and H2 can be simplified
while the corresponding NMSE performance maintains the
same level as the conventional channel estimation in the case
of the same power. Furthermore, we can expect that, the
estimates in our proposal can be further improved, especially
the estimate of H1, if the relay power in the MIMO AF
OWRN can be increased, since more power can be allocated
to the training sequences at the relay.

6. Conclusion

In this paper, we have investigated the superimposed training
strategy in MIMO AF TWRN, which superimposes a new set
of training vectors at the relay and provides the individual
channel information at the destination to accomplish and
simplify the channel estimation. The closed-form Bayesian
CRLB has been derived and then used to guide the optimal
training design in MIMO AF OWRN. The simulation
results have been provided to verify the Bayesian CRLB
results by the practical NMSE performance of a suboptimal
channel estimator. With the individual channel information,
the joint optimization of the throughout, as well as the
tradeoff between rate and detection, can be achieved at the
destination.

Appendices

A. Proof of Lemma 1

The FIM can be modified as
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J = E

⎧
⎨

⎩

∂ ln p(Y, θ)
∂θ∗

(
∂ ln p(Y, θ)

∂θ∗

)H
⎫
⎬

⎭

= Eθ

⎧
⎨

⎩
EY|θ

⎧
⎨

⎩

∂ ln p(Y, θ)
∂θ∗

(
∂ ln p

(
y1, θ

)

∂θ∗

)H

|θ
⎫
⎬

⎭

⎫
⎬

⎭

= Eθ

⎧
⎨

⎩
EY|θ

⎧
⎨

⎩

∂ ln p(Y | θ)
∂θ∗

(
∂ ln p

(
y1 | θ

)

∂θ∗

)H
⎫
⎬

⎭

+
∂ ln p(θ)
∂θ∗

(
∂ ln p(θ)
∂θ∗

)H
⎫
⎬

⎭
,

(A.1)

where the first and the second expectations are over p(θ) and
p(Y | θ), respectively.

Since h1 and h2 are mutually independent, we have
p(θ) = p(h1)p(h2), and the second term in (A.1) becomes

Eθ

⎧
⎨

⎩

∂ ln p(θ)
∂θ∗

(
∂ ln p(θ)
∂θ∗

)H
⎫
⎬

⎭
=

[
R−1

h1
0Lh×Lg

0Lg×Lh R−1
h2

]

. (A.2)

Denote y = vec(Y) = [Y(1)T , . . . , Y(L)T]
T

, and n =
vec(N) = [w(1)T , . . . , w(L)T]

T
. Conditioned on θ, the mean

value of y can be defined as

μ(θ) = vec(αH2GH1X + H2Tr)

= vec(αH2GH1X) + vec(H2Tr)

= α
[

XT ⊗ (H2G)
]

h1 +
(

TT
r ⊗ IM

)

h2,

(A.3)

or equivalently

μ(θ) = α
(

(GH1X)T ⊗ IM
)

h2 +
(

TT
r ⊗ IM

)

h2

=
[

α(GH1X)T ⊗ IM + TT
r ⊗ IM

]

h2.
(A.4)

Then the received signal at the destination after vectoriz-
ing can be rewritten as

y = α
[

XT ⊗ (H2G)
]

h1 +
(

TT
r ⊗ IM

)

h2 + n, (A.5)

or equivalently

y =
[

α(GH1X)T ⊗ IM + TT
r ⊗ IM

]

h2 + n. (A.6)

For computational simplicity, we further define

F = Ey|θ

⎧
⎨

⎩

∂ ln p
(

y | θ)
∂θ∗

(
∂ ln p

(
y | θ)

∂θ∗

)H
⎫
⎬

⎭

[
F11 F12

F H
12 F22

]

,

(A.7)

which is the FIM for the deterministic θ.
The log-likelihood function of the received signal at the

destination can be written as

p
(

y | θ) = 1
πN

∣
∣Rn|θ

∣
∣ exp

{

−(y − μ
)HR−1

n|θ
(

y − μ
)}

. (A.8)

The (i, j)th element of the deterministic FIM is computed as

[F ]i j =
(

∂μ

∂θ∗i

)H

R−1
n|θ

(
∂μ

∂θj

)

+ tr

(

R−1
n|θ

∂Rn|θ
∂θ∗i

R−1
n|θ

∂Rn|θ
∂θj

)

.

(A.9)

Conditioned on a specific channel realization, the noise term
in Y is AWGN with variance Rn|θ ,

Rn|θ = vec(N)(vec(N))H

= IL ⊗
[

σ2
n

(

α2H2GGHHH
2 + IM

)]

Δ= IL ⊗ C,

(A.10)

where

C = σ2
n

(

α2H2GGHHH
2 + IM

)

. (A.11)

It can be obtained that

∂μ

∂h1
= αXT ⊗ (H2G),

∂μ

∂h2
= α(GH1X)T ⊗ IM + TT

r ⊗ IM ,

∂Rn|θ
∂h∗2i

= IL ⊗
(

σ2
nα

2H2GGH ∂HH
2

∂h∗2i

)

= IL ⊗
(

σ2
nα

2H2GGH
(
unvecM,R(ei)

)H
)

= IL ⊗
(

σ2
nα

2H2GGHMH
i

)

= IL ⊗
(

σ2
nα

2MiGGHHH
2

)

,

(A.12)

where Mi = (∂H2/∂h2i) = unvecM,R(ei). Define a new matrix
Q whose (i, j)th entry is the second term on the RHS of
[F ]i j ,

[Q]i j = α4σ4
nL tr

{

C−1
(

H2GGHMH
i

)

C−1
(

M jGGHHH
2

)}

= α4σ4
nLρ

2
r

R2
(
1 + ρs

)2 tr
{

C−1
(

H2MH
i

)

C−1
(

M jHH
2

)}

= α4σ4
nLρ

2
r

R2
(
1 + ρs

)2

(

vec
((

M jHH
2

)T
))T(

C−T ⊗ C−1
)

× vec
(

H2MH
i

)

.

(A.13)

Let M = [vec(H2MH
1 ), vec(H2MH

2 ), . . . , vec(H2MH
P )], where

P is the length of the vector hT
2 , and then Q could be

expressed in a compact form

Q = α4σ4
nLρ

2
r

R2
(
1 + ρs

)2 MH
(

C−T ⊗ C−1
)

M. (A.14)
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Note that the columns of M are orthogonal to each other.
F11 can be obtained as

F11 = α2
[

X∗ ⊗
(

GHHH
2

)]

R−1
n|θ

[

XT ⊗ (H2G)
]

= α2ρr
R
(
1 + ρs

)
(

X∗ ⊗HH
2

)

R−1
n|θ

(

XT ⊗H2

)

.
(A.15)

Note that (∂Rn|θ/∂h∗1i) = 0. Following a similar approach,
we obtain

F12 = α
[

X∗ ⊗
(

GHHH
2

)]

R−1
n|θ

[

α(GH1X)T ⊗ IM + TT
r ⊗ IM

]

,

F21 = α
[

α(GH1X)∗ ⊗ IM + T∗r ⊗ IM
]

R−1
n|θ

[

XT ⊗ (H2G)
]

,

F22 =
[

α(GH1X)∗ ⊗ IM + T∗r ⊗ IM
]

R−1
n|θ

×
[

α(GH1X)T ⊗ IM + TT
r ⊗ IM

]

+ Q.

(A.16)

The Bayesian FIM J can be found from averaging F over θ.
It is assumed that there is no spatial correlation at the

relay. According to the widely used Kronecker correlation
model [24, 25], let Rs and Rd be the spatial correlation
matrices (positive semidefinite and Hermitian) at the source
and destination, then H1 and H2 can be expressed as Hw1R1/2

s

and R1/2
d Hw2, respectively, where Hw1 and Hw2 are R × N

and M × R independent and identically distributed (i.i.d.)
ZMCSCG matrices. Note that tr(Rs) = N and tr(Rd) =M for
normalization and that Hw1 and Hw2 are independent mutu-
ally which means that the backward link H1 is independent
from the forward link H2. Moreover, every Hermitian matrix
is a normal matrix, and the finite-dimensional spectral
theorem applies. It says that any Hermitian matrix can be
diagonalized by a unitary matrix, and that the resulting
diagonal matrix has only real entries. This implies that all
eigenvalues of a Hermitian matrix A are real, and that A has
n linearly independent eigenvectors. The EVD of H2HH

2 is
denoted as U2D2UH

2 , where D2 = diag{λ1, λ2, . . . , λM}, and
U2 is a unitary matrix.

From the above properties, it can then be calculated that

Eθ{Q} = α4σ4
nLρ

2
r

R2
(
1 + ρs

)2 Eθ

{

MH
(

C−T ⊗ C−1
)

M
}

= α4LMρ2
r

[(
1 + ρs

)
+ σ2

n

(
1 + ρs + α2ρr

)]

R2
(
1 + ρs

)(
1 + ρs + α2ρr

)2 IMR,
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)
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}
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R
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)Eθ
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)

⊗
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)}
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)
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{
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}

= α2ρr
σ2
nR

(
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)
(

X∗XT
)

⊗ IR,

(A.17)

and Eθ{F11} is an NR×NR matrix.

Eθ{F21} = 0NR×MR,

Eθ{F21} = 0MR×NR,

Eθ{F22}

= Eθ
{

α2
[

(GH1X)∗ ⊗ IM
]

R−1
n|θ

[

(GH1X)T ⊗ IM
]}

+
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)

+
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n

(
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)2 IMR,

(A.18)

and Eθ{F22} is an MR×MR matrix.

B. Proof of Lemma 2

We first derive the optimal solutions for (P1). First observe
that R−1

h1
is a constant diagonal matrix, and the diagonal

elements of X∗XT are constant ρs. We know that for any
positive-definite matrix X, there is

tr
(

X−1) ≥
N−1∑

i=0

1
[X]ii

, (B.1)

where the equality holds when X is diagonal. Applying this
inequality, we obtain

tr
(
BCRBh1

) ≥
NR−1∑

i=0

1
(

c1ρs +
(

1/σ2
h1,i

)) , (B.2)

where the RHS is not related with X and can immediately
serve as the lower bound of tr(BCRBh1 ). The lower bound
is achieved when X∗XT = (L/N)ρsIN . Obviously, the choice
|x̃0|2 = · · · = |x̃NL−1|2 = ρs/N satisfies the requirement.
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Similarly we can obtain the optimal solution for (P2). As
for (P2), R−1

h2
is a constant diagonal matrix, and the diagonal

elements of (T∗r ⊗ IM)(TT
r ⊗ IM) are cosnstant (L/R)ρt.

Applying the inequality, we obtain

tr
(
BCRBh2

) ≥
MR−1∑

i=0

1
(

c2Lρs + c3(L/R)ρt + c4 +
(

1/σ2
h2,i

)) ,

(B.3)

where the RHS is not related with X or Tr and can imme-
diately serve as the lower bound of tr(BCRBh2 ). The lower
bound is achieved when (T∗r ⊗ IM)(TT

r ⊗ IM) = (L/R)ρtIMR.

Obviously, the choice |t̃r,0|2 = · · · = |t̃r,RL−1|2 = ρt/R
satisfies the requirement.

Combing both proofs yields the conditions of (C1) and
(C2).

C. Calculation of Correlations

RH is computed as

RH = E
{

HHH
}
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(C.1)

where RH2 is given as

RH2 = E
{
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}
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(C.2)

Thus,

RH = α2ρrM
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(C.3)

RN is computed as

RN = E
{

NHN
}

=MIL +
α2ρr

R
(
1 + ρs

)E
{

WH
R RH2 WR

}

=MIL +
α2ρrM
(
1 + ρs

) IL

= M
(
1 + ρs + α2ρr

)

(
1 + ρs

) IL.

(C.4)
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[19] O. Muñoz-Medina, J. Vidal, and A. Agustı́n, “Linear trans-
ceiver design in nonregenerative relays with channel state
information,” IEEE Transactions on Signal Processing, vol. 55,
no. 6, pp. 2593–2604, 2007.

[20] J. Ma, P. Orlik, J. Zhang, and G. Y. Li, “Pilot matrix design
for interim channel estimation in two-hop MIMO AF relay
systems,” in Proceedings of the IEEE International Conference
on Communications (ICC ’09), June 2009.

[21] P. Lioliou and M. Viberg, “Least-squares based channel esti-
mation for MIMO relays,” in Proceedings of the International
ITG Workshop on Smart Antennas (WSA ’08), pp. 90–95,
February 2008.

[22] F. Gao, B. Jiang, X. Gao, and X. -D. Zhang, “Superimposed
training based channel estimation for ofdm modulated af relay
networks,” in Proceedings of the IEEE International Conference
on Communications (ICC ’06), pp. 1–5, June 2011.

[23] F. Gao, B. Jiang, X. Gao, and X. D. Zhang, “Superimposed
training based channel estimation for OFDM modulated
amplify-and-forward relay networks,” IEEE Transactions on
Communications, vol. 59, no. 7, pp. 2029–2039, 2011.

[24] D. S. Shiu, G. J. Foschini, M. J. Gans, and J. M. Kahn, “Fading
correlation and its effect on the capacity of multielement
antenna systems,” IEEE Transactions on Communications, vol.
48, no. 3, pp. 502–513, 2000.

[25] C. N. Chuah, D. N. C. Tse, J. M. Kahn, and R. A. Valenzuela,
“Capacity scaling in MIMO wireless systems under correlated
fading,” IEEE Transactions on Information Theory, vol. 48, no.
3, pp. 637–650, 2002.



Hindawi Publishing Corporation
International Journal of Antennas and Propagation
Volume 2012, Article ID 983092, 8 pages
doi:10.1155/2012/983092

Research Article

Joint 2D-DOA and Frequency Estimation for L-Shaped Array
Using Iterative Least Squares Method

Ling-yun Xu,1, 2 Xiao-fei Zhang,1 Zong-ze Xu,1 and Miao Yu2

1 College of Electronic Information Engineering, Nanjing University of Aeronautics and Astronautics, Nanjing 210016, China
2 Nanjing Telecommunication Technology Institute, Nanjing 210007, China

Correspondence should be addressed to Ling-yun Xu, xlyun@nuaa.edu.cn

Received 19 May 2012; Revised 20 July 2012; Accepted 24 July 2012

Academic Editor: Jung-Chieh Chen

Copyright © 2012 Ling-yun Xu et al. This is an open access article distributed under the Creative Commons Attribution License,
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

We introduce an iterative least squares method (ILS) for estimating the 2D-DOA and frequency based on L-shaped array. The ILS
iteratively finds direction matrix and delay matrix, then 2D-DOA and frequency can be obtained by the least squares method.
Without spectral peak searching and pairing, this algorithm works well and pairs the parameters automatically. Moreover, our
algorithm has better performance than conventional ESPRIT algorithm and propagator method. The useful behavior of the pro-
posed algorithm is verified by simulations.

1. Introduction

Antenna arrays have been used in many fields such as radar,
sonar, and mobile communications, and so forth, [1–6]. The
direction of arrival and frequency estimation of signals
impinging on an array of sensors have received considerable
attention in the field of array signal processing. For example,
these parameters can be applied to locate the mobiles and
allocate pilot tones in space division multiple access (SDMA)
systems. Furthermore, a precise estimation of these para-
meters is helpful to attain a better channel estimate and thus
enhances the system performance [7]. Uniform linear arrays
for estimation of wave arrival have been studied extensively,
and they contain maximum likelihood (ML) [8], multiple
signal classification (MUSIC) algorithm [9, 10], estimation
of signal parameters via rotational invariance techniques
(ESPRIT) [11, 12], propagator method (PM) [13], and so
forth.

The ML method is often applicable but might be com-
putationally prohibitive. ESPRIT and MUSIC algorithms are
based on signal subspace and have better parameter estima-
tion performance. The main advantages of MUSIC/ESPRIT
are the high-resolution estimates of direction of arrivals
(DOAs) and frequencies, while the computational effort
compared to ML method is significantly reduced. MUSIC

requires multiple dimensional spectral peak searching, and
it is the search that is still computationally expensive. The
primary computational advantage of ESPRIT is that it eli-
minates the search procedure inherent. ESPRIT method
requires eigenvalue decomposition (EVD) to the cross spec-
tral matrix or singular value decomposition (SVD) to the
received data. Reference [13] presented propagator method
to estimate the angle and frequency with uniform linear
array. Propagator method has low complexity, but its param-
eters’ estimation performance is less than ESPRIT algorithm.
Compared with uniform linear array, L-shaped array can
identify 2D-DOA and is very close to actual situation [14,
15]. And thus we propose a novel iterative-based angle and
frequency estimation algorithm with L-shaped array which
can achieve better performance than ESPRIT [11] and pro-
pagator method [13]. The proposed algorithm can obtain
automatically paired 2D-DOA and frequency estimation.
This method is an iterative algorithm, which does not need
EVD or SVD, and only requires fewer iterations for con-
vergence. The useful behavior of the proposed algorithm is
verified by simulations.

The remainder of this paper is structured as follows.
Section 2 develops data model. Section 3 deals with algo-
rithmic issues. Section 4 presents simulation results, and
Section 5 summarizes our conclusions.
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Denote. We denote by (·)∗ the complex conjugation, by (·)T
the matrix transpose, and by (·)H the matrix conjugate trans-
pose. diag{·} is to construct a diagonal matrix.

2. Data Model

We consider an L-shaped array with sensors at 2M − 1
different locations as shown in Figure 1. A uniform linear
array containing M elements is located in Y-axis, and
the other uniform linear array containing M elements is
located in X-axis. We suppose that there are K narrowband
uncorrelated signal sources impinge on the L-shaped array
with (φk, θk), k = 1, 2, . . . ,K , where φk, θk are the elevation
angle and the azimuth angle of the kth source, respectively.

The received signal of M elements in X-axis is shown

x1(t) = Axs(t) + w1(t), (1)

where s(t) = [s1(t), s2(t), . . . , sK (t)]T is the source matrix,
w1(t) is the received additive white Gaussian noise, and Ax =
[ax(θ1,φ1, f1), ax(θ2,φ2, f2), . . ., ax(θK ,φK , fK )] ∈ CM×K is
the X-axis direction matrix, and ax(θk,φk, fk) = [1,u(θk,
φk, fk), . . . ,uM(θk,φk, fk)]T , u(θk,φk, fk)= exp[− j2πd cos θk
sinφk fk/c].

The received signal of M elements in Y-axis is denoted as

x2(t) = Ays(t) + w2(t), (2)

where Ay=[ay(θ1,φ1, f1), ay(θ2,φ2, f2), . . . , ay(θK ,φK , fK )]∈
C(M−1)×K is the Y-axis direction matrix and ay(θk,φk,

fk)=[v(θk,φk, fk), v2(θk,φk, fk), . . ., vM−1(θk,φk, fk)]T , v(θk,
φk, fk) = exp[− j2πd sin θk sinφk fk/c], w2(t) is the received
white Gaussian noise.

The received signal of the L-shaped array antennas can be
denoted as

x(t) =
[

x1

x2

]

=
[

Ax

Ay

]

s(t) + w(t) = As(t) + w(t), (3)

where the direction matrix A and noise matrix w(t) are
shown as follows:

A =
[

Ax

Ay

]

, w(t) =
[

w1(t)
w2(t)

]

. (4)

Ax and Ay are Vandermonde matrices. The delayed signal for
(3) with τp can be denoted as

x
(

t − τp
)

= As
(

t − τp
)

+ w
(

t − τp
)

= AΦps(t) + w
(

t − τp
)

,
(5)

where Φp = diag[e− j2π f1τp , e− j2π f2τp , . . . , e− j2π fK τp].
We assume that channel state information is constant

for N symbols. The received signal of array antennas can be
denoted as

Xp = AΦpS + Wp, (6)

1

2

2

X

Y

M

M

M − 1

M − 1

θk

sk(t) k = 1, 2, ...,K

· · ·

· · ·

Z

φk

Figure 1: The structure of L-shaped array.

where Wp = [w(t1 − τp), w(t2 − τp), . . . , w(tN − τp)], S =
[s(t1), s(t2), . . . , s(tN )].

Define the delay matrix as

Φ =

⎡

⎢
⎢
⎢
⎢
⎣

1 1 · · · 1
e− j2π f1τ1 e− j2π f2τ1 · · · e− j2π fK τ1

...
...

. . .
...

e− j2π f1τP e− j2π f2τP · · · e− j2π fK τP

⎤

⎥
⎥
⎥
⎥
⎦
∈ C(P+1)×K .

(7)

Equation (6) is also denoted as

Xp = ADp(Φ)S + Wp, p = 1, 2, . . . ,P + 1, (8)

where Dm(·) is to extract the mth row of its matrix argument
and constructs a diagonal matrix out of it.

3. Iterative Least Squares Method

It can be seen from (8) that if the direction matrices A and Φ
are obtained, then the estimates of 2D-DOA and frequency
follow immediately based on L-shaped array geometries.
Hence our main focus in this section is on estimating A and
Φ.

3.1. ILS Cost Function. The cost function can be constructed
via the least squares criterion and given by

f (A,D1(Φ), . . . ,DP+1(Φ), S) =
P+1∑

p=1

∥
∥
∥Xp − ADp(Φ)S

∥
∥
∥

2

F
,

(9)

where ‖‖2
F denotes the Frobenius norm. Interestingly, if any

two subsets of A, {Dp(Φ)}P+1
p=1 and S are fixed, the remaining

parameter subset can be easily obtained by minimizing
(9).
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Firstly, fix A and S. Recall that A = [a1, a2, . . . , aK ], S =
[s1, s2, . . . , sK ]T , and Dp(Φ) = diag{β1(p),β2(p), . . . βK (p)},
where βk(p) = e− j2π fkτp−1 , k = 1, 2, . . . ,K . Then (9) can be
rewritten as

f =
P+1∑

p=1

∥
∥
∥
∥
∥
∥

Xp −
K∑

k=1

akβk(p)sk

∥
∥
∥
∥
∥
∥

2

F

=
P+1∑

p=1

tr

⎧
⎨

⎩

⎡

⎣Xp −
K∑

k=1

akβk
(
p
)

sk

⎤

⎦

⎡

⎣XH
p −

K∑

k=1

sHk β
∗
k

(
p
)

aHk

⎤

⎦

⎫
⎬

⎭
.

(10)

Let the gradient of f with respect to β∗k (p), be equal to zero,
one obtains

aHk

⎡

⎣
K∑

k=1

akβk
(
p
)

sk

⎤

⎦sHk − aHk XpsHk = 0, (11)

for p = 1, 2, . . . ,P+1 and k = 1, 2, . . . ,K . The above equation
yields

aHk ADp(Φ)SsHk = aHk XpsHk , p = 1, 2, . . . ,P + 1,

k = 1, 2, . . . ,K.
(12)

Let β(p) = [β1(p),β2(p), . . . βK (p)]T , E = (AHA) ⊕ (SSH)∗,
and d(p) = [aH1 XpsH1 , . . . , aHK XpsHK ]T , where ⊕ denotes the
Hadamard product. Then (12) can be rewritten in matrix
form

Eβ
(
p
) = d

(
p
)
, p = 1, 2, . . . ,P + 1. (13)

Hence, the estimate of Dp(Φ) can be easily computed as

Dp(Φ) = diag
{
β
(
p
)} = diag

{
E−1d

(
p
)}

,

p = 1, 2, . . . ,P + 1.
(14)

Secondly, let A and {Dp(Φ)}P+1
p=1 be fixed. Differentiation of

(9) with respect to S yields the estimate of Ŝ

ŜH =
⎡

⎣
P+1∑

p=1

XH
p ADH

p (Φ)

⎤

⎦

⎡

⎣
P+1∑

p=1

Dp(Φ)AHADH
p (Φ)

⎤

⎦

−1

. (15)

Thirdly fix {Dp(Φ)}P+1
p=1, and S. Let the gradient of (9) with

respect to A be equal to zero, we have

P+1∑

p=1

[

ADp(Φ)S−Xp

]

SHDH
p (Φ) = 0, (16)

which gives the estimate of A

Â =
⎡

⎣
P+1∑

p=1

XpSHDH
p (Φ)

⎤

⎦

⎡

⎣
P+1∑

p=1

Dp(Φ)SSHDH
p (Φ)

⎤

⎦

−1

. (17)

Based on the above analysis, the ILS algorithm is summarized
as follows.

0 5 10 15 20 25

101

102

103

100

10−1

Iteration

δ

Convergence

Figure 2: Performance of algorithmic convergence.

Let the initial values Â0 = A ∈ C(2M−1)×K and Ŝ0 = S ∈
CK×N , the elements of A and S are equal to 1. For iteration
index i = 1, 2, . . ., do the following three steps.

Step 1. Calculate {Dp(Φ)i} in (14) using Âi−1 and Ŝi−1, for
p = 1, 2, . . . ,P + 1.

Step 2. Calculate Ŝi in (15) using {Dp(Φ)i}P+1
p=1 and Âi−1.

Step 3. Calculate Âi in (17) using Ŝi and {Dp(Φ)i}P+1
p=1.

δ = ‖Âi − Âi−1‖2
F with a threshold ξ(0 < ξ ≤ 1); if δi < ξ,

then stop; otherwise, go to Step 1.

The basic idea of the iterative least square algorithm is
to minimize the cost function f (A,D1(Φ), . . . ,DP+1(Φ), S)
with respect to A, {Dp(Φ)}P+1

p=1, and S by using the cyc-
lic minimization (CM) technique [16], which monotoni-
cally decreases the cost function. Furthermore, we know
∑P+1

p=1 ‖Xp − ADp(Φ)S‖2

F
≥ 0. Hence, the proposed algo-

rithm is convergent, only 20 iterations are required to achieve
convergence for this iterative algorithm (also shown in Figure
2).

We obtain the estimated matrices Â = AΠΔ1, Φ̂ =
ΦΠΔ2, and Ŝ = SΠΔ3, where Π is a permutation matrix
and Δ1,Δ2,Δ3 stand for diagonal scaling matrices satisfying
Δ1Δ2Δ3 = IK . That is to say, the ith column of Â corresponds
to ith column of Φ̂ and Ŝ. So our algorithm can estimate 2D-
DOA and frequency estimation without extra pairing.

3.2. Frequency and 2D-DOA Estimation. We use iterative
least squares method to attain the direction matrix A
and the delay matrix Φ, and then angle and frequency
are estimated according to the least squares principle and
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Vandermonde characteristic. Define the delay vector g( fi)

as g( fi) = [1, e j2π fiτ1 , . . . , e j2π(M−1) fiτP ]
T

. g( fi) is the ith
column of the delay matrix. We get h = angle(g( fi)) =
[0, 2π fiτ1, . . . , 2π fi(M − 1)τp]T , where angle(·) is to get
phase part of a complex number. The estimated frequency
vector ĝ( fi) (the ith column of the estimated delay matrix Φ)
is processed through normalization, which also resolves the
scale ambiguity, and then normalized sequence is processed

to attain ĥ according to above processing. Finally, we use
leaset squares principle to estimate fi. Least squares fitting is

PC = ĥ, where

P =

⎡

⎢
⎢
⎢
⎢
⎣

1
1
...
1

0
2πτ1

...
2π(M − 1)τP

⎤

⎥
⎥
⎥
⎥
⎦

, C =
[
c0

fi

]

. (18)

The least squares solution for C is

Ĉ =
(

PTP
)−1

PT ĥ. (19)

Since Ax, Ay , and the delay matrix Φ are with Vandermonde
characteristic, the direction matrix A has a quasi-Vander-
monde structure, so we can use the same method with fre-
quency estimation method to estimate DOAs. The estimated
receive array steer vector â(θk,φk, fk) (the kth column of the
estimated matrix Â) is processed through normalization,
which also resolves the scale ambiguity, then direction
estimation matrix is divided into two submatrices, the first
M rows form submatrices Â1.The last M − 1 rows form
sub-matrix Â2, the kth column of the sub-matrix Â1 and
Â2 is â1(θk,φk, fk) and â2(θk,φk, fk), respectively. Then nor-
malized sequence is processed to attain ĝ1, ĝ2

ĝ1 = −angle
(

â1
(
θk,φk, fk

))

=
[

0,
2πd cosφk sin θk fk

c
, . . . ,

2πd(M − 1) cosφk sin θk fk
c

]T

=
[

0,
m fk
c

, . . . ,
(M − 1)m fk

c

]T

,

ĝ2 = −angle
(

â2
(
θk,φk, fk

))

=
[

2πd sinφk sin θk fk
c

, . . . ,

2πd(M − 1) sinφk sin θk fk
c

]T

=
[
n fk
c

, . . . ,
(M − 1)n fk

c

]T

,

(20)

where m = 2πd sin θk cosφk, n = 2πd sin θk sinφk. Least
squares fitting is P1C1 = ĝ1, where

P1 =

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

1 0

1
f̂k
c

...
...

1
(M − 1) f̂k

c

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

, C1 =
[
m0

m̂

]

, (21)

where f̂k is the estimated frequency through (19) and m̂ is
the estimated value of 2πd sin θk cosφk. The LS solution to m
is

[
m0

m̂

]

=
(

PT
1 P1

)−1
PT

1 ĝ1. (22)

Similarly, P2C2 = ĝ2, where

P2 =

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

1
f̂k
c

1
2 f̂k
c

...
...

1
(M − 1) f̂k

c

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

, C2 =
[
n0

n̂

]

, (23)

in which n̂ is the estimated value of 2πd sinφk sin θk. The LS
solution to n is

[
n0

n̂

]

=
(

PT
2 P2

)−1
PT

2 ĝ2. (24)

The 2D-DOAs are estimated via

θ̂i = sin−1

(√
m̂2 + n̂2

2πd

)

,

φ̂i = tan−1

(
n̂

m̂

)

.

(25)

3.3. Complexity Analysis and CRB. In contrast to ESPRIT
algorithms in [11] and PM algorithm in [13], our algorithm
has a heavier computational load, in our method, computing
{Dp(Φ)}P+1

p=1 in (14) takes a complexity of O((P + 1)[2MK2 +

NK2 +K3 + 2MN]), the complexity for computing Ŝ in (15)
is O((P + 1)[(2M − 1)NK + NK2 + 2K2(2M − 1)] + (P +
2)K3 + NK2]); the complexity for computing Â in (17) is
O((P + 1)[(2M − 1)NK + 2NK2 + (2M − 1)K2 +K3] +K3 +
(2M − 1)K2). Therefore, the complexity per iteration in the
ILS algorithm is O((P + 1)[2(2M − 1)NK + 4NK2 + (8M −
3)K2 + 3K3 + 2MN] + 2K3 + (2M +N − 1)K2); when the ILS
algorithm converge within 20 steps, the total computational
complexity of the proposed algorithm is about O(20((P +
1)[2(2M − 1)NK + 4NK2 + (8M − 3)K2 + 3K3 + 2MN] +
2K3 + (2M + N − 1)K2)), and ESPRIT algorithm in [11]
needs O[(2M − 1)2(P + 1)2N + (2M − 1)3(P + 1)3 + (2M −
1)PK2 +2(M−1)K2 +6K3], and PM algorithm in [13] needs
O(NK[(2M − 1)(P + 1)− K] + (4M − K − 3)K2 + 4K3).
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According to [17], we derive the CRB for 2D-DOA and
frequency estimation with L-shaped array

CRB = σ2

2N

{

Re
[

(DHΠ⊥
AD)⊕ PT

]}−1
, (26)

where ⊕ stands for Hadamard product. Π⊥
A = I−A(AHA)−1

AH , P = (1/N)
∑N

n=1 s(tn)sH(tn), D = [d1, d2, . . . , dK , f1,
f2, . . . , fK , g1, g2, . . . , gK ], dk = ∂ak/∂φk, fk = ∂ak/∂θk, gk =
∂ak/∂ fk.

The advantages of the proposed algorithm can be sum-
marized as follows. (1) The 2D-DOA and frequency can be
paired automatically. (2) The proposed algorithm has better
angle and frequency estimation performance than ESPRIT
algorithm and PM algorithm.

4. Simulation Results

We present Monte Carlo simulations that are to assess
joint 2D-DOA and frequency estimation performance of
the proposed algorithm. The number of Monte Carlo trials
is 500. There are three signals impinging on L-shaped
array at (15◦, 10◦, 1.2 MHz), (25◦, 20◦, 1.6 MHz), (35◦, 30◦,
1.8 MHz), respectively. We consider an L-shaped array with
15 sensors, which is shown in Figure 1. The spacing d bet-
ween the adjacent elements in each uniform linear array is
smaller than the half smallest wavelength of the incoming
signals. Define root mean squared error (RMSE) of angle:

RMSE = 1
K

K∑

k=1

√
√
√
√ 1

500

500∑

m=1

|αmk − αok|2 +
∣
∣βmk − βok

∣
∣2,

(27)

where αm is the estimated elevation angle, αo is the perfect
elevation angle, βm is the estimated azimuth angle, and βo is
the perfect azimuth angle.

Define the root mean squared error: (RMSE) of fre-
quency

RMSE = 1
K

K∑

k=1

√
√
√
√ 1

500

500∑

m=1

∣
∣γmk − γok

∣
∣2, (28)

where rm is the estimated frequency and ro is the perfect
frequency. Note that N is the number of snapshots; K is
the number of sources; P is the number of delay outputs
for received signal of array antennas; L is the number of
antennas.

Simulation 1. We first investigate the convergence perfor-

mance of the proposed algorithm. Define δ = ‖Âi − Âi−1‖2
F ,

where Âi is the estimated matrix A of ith iteration. Figure 2
presents the algorithm convergence performance of the
proposed algorithm with P = 4,K = 3,L = 15, and SNR =
20 dB. Figure 2 shows that the proposed algorithm needs 20
iterations or so to achieve convergence.
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Figure 4: Elevation angle and frequency scatter.

Simulation 2. The performance of our proposed algorithm
is investigated. P = 4,K = 3,L = 15, and N = 500 is in
this simulation. Figure 3 shows 2D-DOA estimation of our
proposed algorithm at SNR = 20 dB, and Figure 4 presents
elevation angle and frequency scatter of our proposed
algorithm at SNR = 20 dB. From Figures 3 and 4 we find that
our proposed algorithm works well.

Simulation 3. We compare our proposed algorithm with
ESPRIT algorithm, MUSIC algorithm, propagator method
and CRB. The simulation parameters are retained as Simu-
lation 1. From Figures 5 and 6 we find that our algorithm has
much better angle and frequency estimation performance
than ESPRIT algorithm and PM algorithm, and it has a very
close angle and frequency estimation performance to MUSIC
algorithm, but MUSIC algorithm needs three-dimensional
spectral peak searching and the complexity is much larger
than our proposed algorithm.
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Simulation 4. Our proposed algorithm performance with
P = 4,K = 3,N = 500 and different values of L is inves-
tigated. L is set to 13, 15, and 17 in this simulation. It is
indicated from Figures 7 and 8 that 2D-DOA estimation
performance of our algorithm is improved with the number
of antennas increasing. When the number of antennas
increases, our algorithm has higher receive diversity.

Simulation 5. The performance of our proposed algorithm
with P = 4,L = 15,N = 500 and different values of K
is investigated. K is set to 2, 3, 4 in this simulation. It is
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Figure 7: Angle estimation with different antennas.
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Figure 8: Frequency estimation with different antennas.

indicated from Figures 9 and 10 that 2D-DOA and frequency
estimation performance of our algorithm degrade with the
increasing of the source K .

5. Conclusions

In this paper, we develop a novel method for joint 2D-DOA
and frequency estimation based on L-shaped array using
iterative least squares technique. Without spectral peak
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searching and pairing, this algorithm works well. Further-
more, our algorithm has much better 2D-DOA and fre-
quency estimation performance than conventional ESPRIT
algorithm and PM algorithm, and it has a very close 2D-DOA
and frequency estimation performance to MUSIC algorithm.
The useful behavior of the proposed algorithm is verified by
simulations.
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Single carrier block transmission (SCBT) system has become one of the most popular modulation systems due to its low peak-
to-average power ratio (PAPR), and it is gradually considered to be used for uplink wireless communication systems. In this
paper, a low complexity partial parallel interference cancellation (PIC) with maximum ratio combining (MRC) technology is
proposed to use for receiver to combat the intersymbol interference (ISI) problem over multipath fading channel. With the aid
of MRC scheme, the proposed partial PIC technique can effectively perform the interference cancellation and acquire the benefit
of time diversity gain. Finally, the proposed system can be extended to use for multiple antenna systems to provide excellent
performance. Simulation results reveal that the proposed low complexity partial PIC-MRC SIMO system can provide robust
performance and outperform the conventional PIC and the iterative frequency domain decision feedback equalizer (FD-DFE)
systems over multipath fading channel environment.

1. Introduction

Over past decade, orthogonal frequency-division multiplex-
ing (OFDM) system has become one of the most popular
systems in wireless communication. This technique is seen
today as a strong candidate for future generations of cellular
mobile networks, but it involves the problem of high peak-
to-average power ratio (PAPR), it will cause power amplifier
working in the nonlinear area. Thus, it needs to back off
output power which will reduce the efficiency of power
amplifier. For single carrier block transmission (SCBT)
system, it is the one of the popular themes in recent years
[1–6]. It can provide low PAPR performance, so we try to
study the interference cancellation technique to provide the
excellent bit error rate (BER) performance and reduce the
computation complexity at receiver.

References [2, 3] with the iterative frequency domain
decision feedback equalizer (FD-DFE) are proposed for
SCBT system. It is noted that the decision and iteration of the
FD-DFE scheme are processed on frequency domain. And
after more iteration, the performance of BER is improved

obviously. Moreover, the BER performance of these systems
is performed obviously only when the iterations number is
enough high. However, large number of iterations will
induce high complexity at the receiver. Parallel interfer-
ence cancellation (PIC) scheme in [7–10] can overcome
the intersymbol interference (ISI) problem effectively and
improve the BER performance obviously. However, the BER
performance is worse than FD-DFE in [3] even use more
iteration loops.

Therefore, in order to alleviate the above problem, the
partial PIC with maximum ratio combing (MRC) technique
is proposed in this paper. That is, with the aid of MRC
scheme [11], the proposed partial PIC technique can effec-
tively perform the interference cancellation and acquire the
benefit of time diversity gain. In fact, with more taps for
weighting combination, it will lead to higher time diversity
gain. Furthermore, it indicates that the proposed technique
can achieve better BER due to the diversity gain. This can
mainly be attributed to the ability of this scheme to effectively
deal with interference effects and achieve inherent time
diversity with MRC. And it also can extend to multiple
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Figure 1: Block diagram of SCBT system.

antenna system and obtain further performance. Moreover,
the antenna selection technique (AST) [12–15] is used
to reduce the cost and power associated with the single
input multiple output (SIMO) system. Simulation results
reveal that the proposed low complexity partial PIC-MRC
system can provide lower receiver complexity and robust
performance than the conventional PIC and the iterative FD-
DFE systems over multipath fading channel environment.

The remainder of this paper is organized as follows:
Section 2 introduces the system model and the FD-DFE for
the SCBT systems. In Section 3, PIC algorithm is used to
cancel the block interference, and iterative partial PIC-MRC
scheme is proposed to enhance BER performance further. In
Section 4, the proposed system is extended to the multiple
antenna system. Results of performance tests of the proposed
system are then given in Section 5, and Section 6 concludes
the study.

2. System Model

2.1. Frequency Domain Equalization System. Figure 1 shows
a basic configuration of the SCBT system. First the nth
information signal block of size N × 1 can be defined as
x(n) = [x0(n), . . . , xN−1(n)]T , where the superscript (·)T
stands for the transpose. The transmitted signal block of size
(N +K)×1 is generated from x(n) by adding the cyclic prefix
(CP) of K symbols length as the guard interval (GI). Tcp

donates the CP insertion matrix of size (N + K)×N defined
as

Tcp =
[

OK×(N−K) IK
IN

]
(N+K)×N

. (1)

OK×(N−K) is a zero matrix of size K × (N − K), and IN is an
identity matrix of size N ×N . The received signal block ŷ(n)
is written as

ŷ(n) = HTcpx(n) + n′(n) = h⊗cx̂(n) + n′(n), (2)

where n′(n) is a channel noise vector of size (N + K) × 1.⊗c

represents as circular convolution and h = {h0, . . . ,hG−1}
denotes the channel impulse response which can arrange the
Toeplitz channel matrices H of size (N + K) × (N + K), and
G is the length of multipath. After discarding the CP portion
of the received signal block, the received signal block y(n) of
size N × 1 can be written as

y(n) = RcpHTcpx(n) + n(n), (3)

where Rcp denotes the CP discarding matrix of size N × (N +
K) defined as

Rcp =
[

ON×K IN
]
N×(N+K)

(4)

and n(n) = Rcpn′(n). Next, after CP insertion and discarding
CP portion, the channel matrix H will be changed into a
circulant matrix Hc of size N ×N , which can be written as

Hc = RcpHTcp = FHΛF, (5)

where Λ is the frequency-domain channel response, and F
is defined as a discrete Fourier transform (DFT) matrix.
After DFT, frequency domain equalizer W and IDFT are
processing, the equalized signal can be written as

x̂(n) = FHWΛFx(n) + FHWFn(n), (6)

where (·)H stands for the conjugate transpose. The equalizer
consists of zero-forcing (ZF) and minimum mean square
error (MMSE) equalizers, where ZF is defined as WZF = Λ−1

and MMSE is defined as WMMSE = (ΛHΛ + σ2
n/σ

2
x IN )

−1
ΛH ,

and σ2
n and σ2

x are the variance of noise and signal. The
equalized signal can be rewritten as

x̂(n) = FHWMMSEFHcx(n) + FHWMMSEFn(n)

= Hx(n) + FHWMMSEFn(n),

(7)

where H = FHWMMSEFHc, and H is a new channel
matrix of size N × N . In Figure 3, the energy of H is
concentrated on the diagonal, but there still have residue ISI,
which will degrade the system performance. So interference
cancellation systems are proposed to cancel the ISI and
achieve better performance.

2.2. Frequency-Domain Decision Feedback Equalizer

2.2.1. Iterative MMSE Decision Feedback Equalizer. Figure 2
shows a bock diagram of FD-DFE system, suppose that the
received block is fed to the DFT operator, whose output
block is denoted as (Y0,Y1, . . . ,YN−1). The equalizer mul-
tiplies this signal block with its feedforward coefficients
(F0,F1, . . . ,FN−1), and the resulting signal block enters an
inverse DFT, which yields the output block (x̂0, x̂1, . . . , x̂N−1)
on which the threshold detector bases its first decisions for
the transmitted signal block.
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Once the receiver makes a first set of decisions, the
decision block is fed to a feedback filter with coefficients
(B0,B1, . . . ,BN−1), and an iterative DFE is implemented. At
the lth iteration, the feedforward and feedback filter block
supplies

Rn(l) = Fn(l)Yn + Bn(l)Dn(l − 1), n = 0, 1, . . . ,N − 1,
(8)

where the Fn(l) and Bn(l) coefficient sets are, respectively,
the feedforward and feedback filter coefficients at the lth
iteration, and the Dn(l−1) is the frequency-domain decisions
at the previous iteration. The initial MMSE equalizer is given
as

Fn(0) = Λ∗n
σ2
n/σ2

x + (|Λn|)2 , n = 0, 1, . . . ,N − 1, (9)

where Λn is frequency-domain channel response, and initial
feedback filter coefficient is given as

Bn(0) = 0. (10)

The first equalizer decisions are obtained using α0 = 1, and
the definition of αk is given in [4]

αl = 1−
√
l

10
√
L

, (11)

where L is the number of iterations. At the lth iteration,
the feedforward and the feedback filter coefficients are,
respectively, given by

Fn(l) = Λ∗n
σ2
n/σ2

x +
(

1− α2
l−1

)
|Λn|2

,

Bn(l) = αl−1

⎡
⎣ΛnFn(l)− 1

N

N∑
n=1

ΛnFn(l)

⎤
⎦.

(12)

2.2.2. Iterative MF-Based Decision Feedback Equalizer. In the
iterative DFE proposed in [5], the feedforward filter in that
DFE shifts linearly from a linear MMSE filter at the first (L−
1) iterations to the matched filter (MF) at the last iteration.
At the lth iteration, the feedforward and the feedback filter
coefficients are, respectively, given by

Fn(l) = αl
Λ∗n

σ2
n/σ2

x + |Λn|2
+ (1− αl)Λ∗n ,

Bn(l) = 1− Fn(l)Λn.

(13)

The first equalizer decisions are obtained using α0 = 1 that
is, the equalizer is clearly a linear MMSE equalizer. Then, the
αl parameter decreases linearly as

αl = 1− l

L
. (14)

At the last iteration, αl = 0, and the feedforward filter
becomes an MF.

3. Parallel Interference Cancellation

The residue ISI will degrade the system performance. Thus,
in this section, the PIC is used to cancel the ICI problems in
SCBT system.

3.1. Conventional Parallel Interference Cancellation. Figure 4
is the schematic diagram of interference, the colored boxes
are interference in the received symbols. H i,d is expressed as
the dth symbol data to the ith interference symbol. When
i is different from d, that is, i /=d,H i,dx(n) is the ISI which
will degrade the system performance. Figure 5 is the block
diagram of PIC in SCBT system. x̃n is the equalized signal x̂n
in (7) after canceling the ISI, which can be given as

x̃n =
(
x̂n −

(
hn − hn

)(
d̃− d̃n

))
H
−1
n,n, (15)
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ChannelAdd
CPBlockModulation

ModulationDecision Decision

IDFT Equalize DFT Remove
CP

H

FH F

n

d̂

x̂

Rcp

Tcp

W

PIC

x

d̃ x̃

Figure 5: Block diagram of PIC in SCBT system.

where hn is the (n+ 1)th row vector of H, and hn is defined as
hn = [ 01×n Hn,n 01×(N−n−1) ], d̃ is the modulated signal of QPSK
after the decision

d̃ =
[
d̃0 d̃1 · · · d̃N−1

]T
(16)

and d̃n is defined as

d̃n =
[

01×n d̃n 01×(N−n−1)

]T
. (17)

After canceling the ISI terms, the interference cancelled signal
x̃ can be detected by the decision operation.

3.2. Partial PIC with Maximum Ratio Combining. PIC algo-
rithm can overcome the ISI problem effectively and improve
the BER performance obviously. However, as shown in
(15) for only one-tap equalizer, it will result in the loss
of energy for the symbol detection. Besides, in order to
enhance the receiver performance in Section 3.1, the number
of iterations needs to be increased. It will induce more
computation complexity. Therefore, in order to alleviate
the above problem, the partial PIC with maximum ratio
combing technique is proposed in this paper. That is, with
the aid of MRC scheme, the proposed partial PIC technique
can effectively perform the interference cancellation and
acquire the benefit of time diversity gain. In fact, with more
taps for weighting combination, it will lead to higher time
diversity gain. Furthermore, it indicates that the proposed
technique can achieve better BER due to the diversity gain.
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Figure 6: Block diagram of iterative partial PIC-MRC in SCBT
system.

 M

M

M
M

2

M

2

Figure 7: The illustration of partial selection matrix for partial PIC-
MRC.

This can mainly be attributed to the ability of this scheme to
effectively deal with interference effects and achieve inherent
time diversity with MRC.

The block diagram is shown in Figure 6 and the illus-
tration of partial PIC is shown in Figure 7. Its structure is
similar to PIC. The main difference is that PIC-MRC doing
partial PIC first and then combines the partial energy from
other received symbols by MRC algorithm. Finally, using the
MRC equalizer can obtain the detected signal. To simplify
the exposition, we consider a simple case. First, from (7)
and (15), the partial parallel interference is reconstructed
by G0(H − H0)(d̃ − d̃0), where G0 is the partial selection
matrix of parallel interference with window size M selection,
that is, G0 = [ [IM/2×M/20M/2×M/2]T 0M×(N−M) [0M/2×M/2IM/2×M/2]T ] with
the identity matrix IM/2×M/2, the zero matrices 0M×(N−M)

and 0M/2×M/2. Next, the received partial signal G0x̂ can be
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subtracted by the partial parallel interference. The residual
signal can be expressed by

p̂0 = G0x̂ −G0
(

H−H0
)(

d̃− d̃0

)
, (18)

where H0 =
[

h̃0 0N×(N−1)

]
, d̃ and d̃0 are the modulated

signal after decision in (16)-(17), and h̃0 is the first column
vector of H. After MRC operation, the detected signal can be
obtained by the MRC equalization

x̃0 =
h̃H

0 G0

(
x̂ − (H−H0

)(
d̃− d̃0

))
∥∥∥G0h̃0

∥∥∥2 . (19)

Similarly to the procedures of (18) and (19), the nth partial
PIC-MRC signal can be obtained by

x̃n =
h̃H
n Gn

(
x̂− (H−Hn

)(
d̃− d̃n

))
∥∥∥Gnh̃n

∥∥∥2 , (20)

where Hn =
[

0N×n h̃n 0N×(N−n−1)

]
, h̃n is the (n + 1)th

column vector of H, and the partial selection matrix Gn is

Gn =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

[[
I(M/2+n)×(M/2+n) 0(M/2−n)×(M/2+n)

]T
0M×(N−M)

[
0(M/2+n)×(M/2−n) I(M/2−n)×(M/2−n)

]T]
, if n <

M

2

[
0M×(n−M/2) IM×M 0M×(N−M/2−n)

]
, if n ≥ M

2
, n ≤ N − M

2

[[
I(M/2+n−N)×(M/2+n−N) 0(M/2−n+N)×(M/2+n−N)

]T
0M×(N−M)

[
0(M/2+n−N)×(M/2−n+N) I(M/2−n−N)×(M/2−n+N)

]T]

if n > N − M

2
.

(21)

It is noteworthy that the equalizers in (19) and (20) are
still one-tap equalizer with low complexity, which do not

induce noise enhancement problem due to ‖Gnh̃n‖
2

with the
robust summarized channel responses. The partial PIC-MRC
algorithm not only can acquire time diversity gain, but also
reduce the computation complexity than the conventional
PIC scheme in Section 3.1 because it needs more iteration
loops to enhance performance at receiver side.

4. Partial PIC-MRC SIMO System

In this section, the proposed partial PIC-MRC system is
extended into multiple antenna systems.

4.1. Partial PIC-MRC SIMO System. The advantage of SIMO
systems is that better BER performance can be achieved
without using any additional transmit power and bandwidth.
The SIMO system with one transmit and NR receive antennas
is shown in Figure 8. At each receive antenna, the same
procedures of equalizer are processed, for example, frequency
domain equalization and partial PIC-MRC operation with
iteration number L. Finally, the decision scheme is used to
detect the combination signal from the NR equalizers.

4.2. Antenna Selection Technique. Although the SIMO system
in Section 4.1 can provide better BER performance than
the conventional single input single output (SISO) antenna
system, the main drawback of the SIMO system is the

requirement of the additional high-cost radio frequency
(RF) modules. RF module includes low noise amplifier,
mixer, band pass filter, low pass filter, and analog-to-digital
converter. For multiple RF modules in SIMO system, the
higher cost and power consumption are needed. In order to
reduce the cost and power associated with the SIMO system,
the antenna selection technique is used in the proposed
SIMO system, that is, the number of the receive antenna
being larger than the RF modules. Figure 9 is the block
diagram of antenna selection technique (AST) in which only
Q RF modules are used to support NR receive antennas.

To do the AST algorithm, we first use the channel
capacity algorithm, that is,

Ci = log2 det

(
IN +

σ2
x

σ2
n

Hi
cH

iH
c

)
, i = 1, . . . ,NR, (22)

where Hi
c is the channel matrix of the selected ith receive

antenna. Next, based on the different combination of channel
matrix, the AST algorithm finally chooses the Q receive
antennas, which can provide the maximum channel capacity
Ci to use for the proposed SIMO system.

5. Simulation Results

In this section, simulation results are conducted to demon-
strate the performance of the proposed partial PIC-MRC
system, and Table 1 is the system parameter settings. Perfect
channel state information is assumed for simulation.
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Figure 9: The structure of antenna selection with Q RF modules and NR receive antennas.

Table 1: System simulated parameters.

Parameter Specification

Modulation type QPSK

FFT length (N) 64

Multipath number 6

Channel model Equal gain rayleigh fading channel

CP length 16

Figure 10 shows the BER performance of iterative MMSE
decision feedback equalizer and iterative MF-based decision
feedback equalizer. The number of iteration is 2, 4, and 6
times. As shown in Figure 10, the system performance is
better as the number of iteration increases. Besides, for the
iteration number being 2, the performance of the iterative
MMSE FDE can approach to the MMSE equalizer. At the
iteration number being 4 and 6, the performance of the
iterative MMSE FDE increases about 1 dB and 1.5 dB than
MMSE equalizer at BER = 4 × 10−5, respectively. When the
number of iteration is 6, the performance of iterative MMSE
DFE is better than the iterative MF-based DFE receiver about
1.4 dB at BER = 2× 10−5.

For partial PIC-MRC in SCBT system, the window size M
in (18)–(20) can be selected by the simulation result which is
shown in Figure 11. It is obviously that when M is larger than
16 under different Eb/N0, the performance will achieve to the
bound of full PIC-MRC system. Therefore, on the basis of
the result, the size of the window M = 16 will be utilized for
the following simulations.

Figure 12 shows the BER performance of PIC and
partial PIC-MRC in SCBT system. The dotted lines are
the best performance bound of PIC and partial PIC-MRC,
respectively. Note that the bound performance is evaluated
for the assumption of the perfect signal detection used for
PIC cancellation. Next, we can see that the performance of
the proposed partial PIC-MRC scheme is better than the
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Figure 10: BER performance of iterative MMSE/MF-based DFE.

conventional PIC scheme about 1 dB at BER = 10−5, but
the performance is lower than iterative MMSE DFE (L = 6)
about 0.6 dB.

Next, the BER performance is evaluated for the iterative
partial PIC-MRC and MMSE DFE systems. As shown in
Figure 13, after more iteration, the performance of the
proposed partial PIC-MRC system has increased obviously.
After 2 iterations, the performance has been better than the
iterative MMSE DFE system 0.6 dB at BER = 4 × 10−6, and
then the performance increases again about 0.2 dB after 3
iterations. From above simulation results, the proposed iter-
ative partial PIC-MRC scheme in SCBT system can actually
acquire better BER performance and provide low complexity
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Figure 12: BER performance of PIC, partial PIC-MRC, and
MMSE-DFE in SCBT system.

computation. For the computation complexity in Figure 13,
the number of complex multiplication of the iterative MMSE
DFE (L = 6) is computed about O(3LN log2N + 7NL) due
to the iterative DFE-MMSE weight operation. Next, for the
proposed partial PIC-MRC scheme in (19)-(20), it involves
the advantage of d̃ with the fixed values (i.e., QPSK symbol:
±1 ± j). Therefore, it does not need complex multiplication
for the parallel interference reconstruction. Furthermore, the
number of complex multiplication of the proposed partial
PIC-MRC (L = 3) can be computed about O(2N log2N +
2N + 2ML). For example, considering the iterative MMSE
DFE system in Figure 13 with L = 6 and N = 64, the number

SCBT 6 path partial PIC-MRC (L = 1, M = 16)

SCBT 6 path partial PIC-MRC (L = 2, M = 16)
SCBT 6 path partial PIC-MRC (L = 3, M = 16)
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Figure 13: BER performance of iterative partial PIC-MRC and
MMSE-DFE in SCBT system.

of complex multiplication is about 9600. And considering the
proposed partial PIC-MRC system in Figure 13 with L = 3,
M = 16, and N = 64, the number of complex multiplication
is about 992. It is obvious that the proposed scheme with the
lower window size M and iteration size L can provide the
advantage of the lower computation complexity.

Finally, the proposed system is extended to multiple
antenna system. Figure 14 shows the BER performance of the
proposed partial PIC-MRC SIMO systems with the receive
antenna number from 2 to 4. With more receive antennas,
the BER performance is shown better obviously. And
Figure 15 is the BER performance of the proposed AST
technique in the partial PIC-MRC SIMO system. Assume the
RF modules Q is one and total receive antenna number is
from 2 to 4. If antenna number equals to 2, the performance
increases about 3 dB at BER = 10−5 than SISO system. When
the receive antenna number equals to 4, the performance
almost achieves the SIMO system with one tranmit antenna
and two receive antennas at Eb/N0 = 14 dB. Note that the
proposed AST system with low cost and power benefit is due
to the RF module Q = 1 and the receive antenna number
NR = 4, where RF module of the proposed scheme is smaller
than the RF modules Q = 2 of the SIMO system. It is note-
worthy that the proposed SIMO PIC-MRC system with AST
algorithm under Q = 1 and NR = 4 scenario is the SISO
system with single RF and multiple antennas for selection.
Therefore, in this scenario, the proposed AST SIMO system
is still a SISO system with multiple antenna extension. Next,
as shown in Figure 15, the proposed AST SIMO system can
approach to the BER performance of the SIMO system with
Q = 2 (two RFs). Therefore, the proposed AST SIMO system
involves the advantage of the flexible structure of multiple
antennas and RFs selection.
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Figure 15: BER performance of partial PIC-MRC with antenna
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6. Conclusions

The partial PIC-MRC system is proposed for SCBT system,
which is in order to achieve better BER performance and low
complexity at the receiver side. With the aid of MRC scheme,
the proposed partial PIC technique can effectively perform
the interference cancellation and acquire the benefit of time
diversity gain, which can achieve better BER performance.
And it also can extend to multiple antenna structure with
better BER performance. AST will introduce the select

diversity and reduce the cost and power consumption of the
SIMO system. Simulation results confirm that the proposed
partial PIC-MRC SIMO system with the AST scheme can
provide robust performance over multipath fading channel
environment.
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Accurate channel state information (CSI) is necessary at receiver for coherent detection in amplify-and-forward (AF) cooperative
communication systems. To estimate the channel, traditional methods, that is, least squares (LS) and least absolute shrinkage and
selection operator (LASSO), are based on assumptions of either dense channel or global sparse channel. However, LS-based linear
method neglects the inherent sparse structure information while LASSO-based sparse channel method cannot take full advantage
of the prior information. Based on the partial sparse assumption of the cooperative channel model, we propose an improved
channel estimation method with partial sparse constraint. At first, by using sparse decomposition theory, channel estimation is
formulated as a compressive sensing problem. Secondly, the cooperative channel is reconstructed by LASSO with partial sparse
constraint. Finally, numerical simulations are carried out to confirm the superiority of proposed methods over global sparse
channel estimation methods.

1. Introduction

Relay-based cooperative communication [1–6] has been
studied in the last decade due to its capability of enhancing
the transmission range and providing the spatial diversity
for single-antenna receivers by employing the relay nodes
as virtual antennas [7–9]. A typical example of cooperative
communication system is shown in Figure 1, where source S
transmits signal to destinationDwith the help of relayR. It is
well known that utilizing multiple-inputs multiple-outputs
(MIMO) transmission can boost the channel capacity [10,
11] in broadband communication systems. In addition,
diversity techniques in MIMO system could mitigate selec-
tive fading and hence improve the quality of service (QoS)
[12, 13]. However, it poses a practical challenge to integrate
multiple antennas onto a small handheld mobile terminal.
To deal with the limitation, one could choose relay-based
cooperation networks which have been investigated in last
decade [1–5]. The main reason is that the diversity from
relay nodes existing in the network could be exploited, where
relay can either be provided by operators or be obtained from
cooperating mobile terminals of other users.

In the relay-based cooperative communication system
(CCS), data transmission is usually divided into two time
slots. During the first time slot, the source broadcasts its
information to both relay and destination. During the second
time slot, the relay could select different protocols and
then transmit the signal to the destination. Usually, there
are two kinds of protocols in cooperative communication
systems; one is to amplify the received signal at the relay and
forward it to the destination, which is termed as amplify-
and-forward (AF); the second is to decode the received
signal, modulate it again, and then retransmit to destination,
which is often termed as decode-and-forward (DF). Due to
coherent detection in these systems, accurate channel state
information (CSI) is required at the destination (for AF) or
at both relay and destination (for DF). About DF cooperative
communication systems, the channel estimation methods
could be borrowed from point-to-point (P2P) communica-
tion systems directly. However, extra channel estimation will
increase the computational complexity which is a burden
at relay, and broadcasting the estimated channel informa-
tion will result in further interference at the destination.
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Figure 1: An example of AF broadband cooperative communica-
tion system, where source transmits signal to destination with the
help of relay. No. 1, No. 2, and No. 3 are based on partial sparse,
sparse, and dense channel model, respectively.

On the other hand, AF cooperative communication tech-
nique can avoid this disadvantage and we focus on AF CCS
in this study.

As shown in Figure 1, the cooperative channel consists
of a direct link S ⇒ D and a cascaded one S ⇒ R ⇒ D.
Based on the assumption of dense multipath, linear channel
estimation for the relay-based AF cooperative networks has
been proposed [4]. Even though the proposed method can
achieve lower-bound performance, low spectrum efficiency
is unavoidable since the training sequence takes a large
amount of the bandwidth. Hence, one method to improve
the spectral efficiency is by reducing the length of training
sequence for channel estimation.

As channel measurement techniques improved in the last
decade, broadband wireless channels have been confirmed
to exhibit inherent sparse or cluster-sparse structure in
delay spread. If we can take advantage of the sparse prior
information, then the spectral efficiency can be improved.
In allusion to point-to-point (P2P) communication systems,
efficient sparse channel estimation methods [14–16] have
been proposed. To improve the spectral efficient and/or
estimation performance in CCS, we have studied channel
estimation in CCS and proposed an effective sparse channel
estimation method [17].

However, the cascaded channel (S ⇒ R ⇒ D) may be no
longer sparse due to the linear convolutional operation [18].
Relay-based cooperative communication not only reduces
the transmission range but also improves the received
signal-to-noise ratio (SNR) when comparing with the P2P
communication systems. Unlike the previous research under
global sparse hypothesis, the cooperative channel consists
of two parts: sparse part (S ⇒ D) and dense part (S ⇒
R ⇒ D). A simple example is shown in Figure 2. As
a result, our previous method will be degraded since it
cannot fully take advantage of the prior information. Unlike
the previous method, in this paper, we propose a partial
sparse channel estimation method by using LASSO [19]
(PEL) to improve the performance. Based on this idea, an
improved partial sparse channel estimation by using LASSO
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Figure 2: A typical example of partial sparse cooperative channel,
where the first part of sparse impulse response is supported by direct
link (S ⇒ D) and the second part of dense impulse response is
contributed by the cascaded link (S⇒ R⇒ D).

(IEL) is proposed by utilizing both partial sparse constraint
and global sparse constraint. On the one hand, the partial
sparse constraint can improve estimation performance in
the cooperative communication systems. On the other hand,
the global sparse constraint can mitigate noise interference
under low SNR regime. To confirm the effectiveness of
the two proposed methods, we give various numerical
simulation results in Section 4.

Section 2 introduces the system model and problem
formulation. In Section 3, two improved channel esti-
mation methods are proposed. The first method is the
improved channel estimation method by using partial sparse
constraint, and the second one is an improved channel
estimation method by using both partial and global sparse
constraint. In Section 4, we give some representative numer-
ical simulation results and related discussions. Concluding
remarks are presented in Section 5.

Notations. In this paper, we use boldface lower case letters
x to denote vectors and boldface capital letters X to
denote matrices. x represents the complex Gaussian random
variable. E[·] stands for the expectation operation. XT , X†

denote transpose and conjugated transpose operations of X,
respectively. ‖x‖0 is the number of nonzero elements of x,
and ‖x‖2 is the Euclidean norm of x. diag(x) represents a
diagonal matrix whose diagonal entries are from vector x.
x1 ∗ x2 denotes the convolution of two vectors x1 and x2.

2. System Model

Consider a multipath fading AF CCS where the source S
sends data to destinationD with the help of relayR as shown
in Figure 1. The three terminals are assumed to be equipped
with a single antenna each. hSD, hSR, and hRD denote the
impulse response of the frequency selective fading channel
vectors between three links S ⇒ D, S ⇒ R, and R ⇒ D,
respectively. The three channel vectors are assumed to be
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Figure 3: Two-time slots partial sparse AF CCS.

zero-mean circularly symmetric complex Gaussian random
variables with variance σ2

h and are independent of each
other. For the time being, we assume perfect synchronization
among three terminals. Note that they differ from our
previous research in [17], because the impulse response of
the cooperative channels, hSR and hRD, is modeled as highly
dense channel model due to the fact that the relay can reduce
transmission range and improve channel quality. In other
words, multipath taps arrive in a very short delay spread.
The two channels are assumed to have length LSR and LRD,
respectively. For simplicity, we assume that they have same
length LSR = LSR = L/2, and the channel model of hSR can be
written as

hSR =
L/2−1∑

l=0

hSR,lδ
(
t − τSR,l

)
, (1)

where hSR,l and τSR,l represent the complex path gain with
E[
∑

l |hSR,l|2] = 1 and symbol spaced time delay of the lth
path, respectively. The training sequence vector x is denoted
as x = [x(1), x(2), . . . , x(N)]T where N is the number of
training length, and the transmit power is PS = E[xHx] =
NP, where P is the symbol power. According to the property
of AF cooperative system, one full transmission can be
divided into two time slots as shown in Figure 3.

At the first time slot, complex baseband received signal at
D and R is given by

yD,1 = HSDx + zD,1,

yR,1 = HSRx + zR,1,
(2)

where HSD and HSR denote two complex circulant chan-
nel matrices with their first columns [hTSD, 01×(N−L)]

T and
[hTSR, 01×(N−L/2)]

T respectively [20]; zD,1 and zR,1 are a realiza-
tion of a complex additive Gaussian white noise vector with
zero mean and covariance matrix E[zD,1zHD,1] = E[zR,1zHR,1] =
σ2
nIN , and IN is the N × N identity matrix. Then the relay R

amplifies the received signal yR,1 and retransmits the signal
during the second time slot. The received signal vector at the
destination D is given by

yD,2 = βHRDHSRx + zD,2, (3)

where HRD is a circulant channel matrix with first column
[hTRD, 01×(N−L/2)]

T ; zD,2 = βHRDzR,1 + z̃D,2 is a composite
noise with zero mean and covariance matrix E[zD,2zHD,2] =
(β2HRDHH

RD + IN )σ2
n , where z̃D,2 is a realization of a complex

additive Gaussian white noise (AWGN) vector with zero
mean and covariance matrix E[z̃D,2z̃HD,2] = σ2

nIN . Consider-
ing long-time averaging, the amplification factor β is given
by

β =
√

PR
σ2
hPS + σ2

n

, (4)

where PR is the transmit power of relay. Using (2), the
effective input-output relation in the AF cooperative com-
munication system can be summarized as

ỹ =
[

yD,1

yD,2

]

=
[

HSD

βHRDHSR

][
x
x

]

+

[
zD,1

zD,2

]

. (5)

According to the matrix theory [21], all circulant matrices
can share the same eigenvectors [20]. That is to say, the same
unitary matrix can work for all circulant matrices. Hence,
the matrices HSD and HRDHSR in (5) are decomposited as
HSD = FHDSDF and HRDHSR = FHDSRDF, respectively,
where DSRD = DRDDSR denotes a diagonal matrix and
F is the unitary discrete Fourier transform (DFT) matrix
with entries fmn = [F]mn = 1/

√
Ne− j2π(m−1)(n−1)/N , m,n =

1, 2, . . . ,N . At the same time, FHDSRDF is the decomposition
of a circulant matrix which is constructed from a cascaded
channel impulse response hSRD � hRD ∗hSR. Here, both DSD

and DSRD are diagonal matrices which are given by

DSD = diag{HSD(0), . . . ,HSD(n), . . . ,HSD(N − 1)},
DSRD = diag{HSRD(0), . . . ,HSRD(n), . . . ,HSRD(N − 1)},

(6)

respectively, where HSD(n) and HSRD(n) are given by

HSD(n) =
L−1∑

l=0

hSD(l)e− j2πnl/N ,

HSRD(n) =
L−2∑

l=0

hSRD(l)e− j2πnl/N ,

(7)

respectively, where hSD = [hSD(0),hSD(1), . . . ,hSD(L − 1)]T

denotes direct link from source S to destinationD at the first
time slot and hSRD = [hSRD(0),hSRD(1), . . . ,hSRD(L − 2)]T

represents cascaded channel from source S to destination D
via help of the relay R at the second time slot. Based on the
above analysis, (5) can be rewritten as

y = Xh + z, (8)

where y = [(FyD,1)T , (FyD,2)T]T denotes 2N-length received
signal vector; X denotes equivalent training matrix, and it
can be written as

X =
[

F diag(x)FSD 0N×(L−1)

0N×L F diag(x)FSRD

]

, (9)
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with 2N × (2L − 1) dimension; h = [hTSD hTSRD]
T

represents (2L − 1)-length cooperative channel vector; z =
[(FzD,1)T (FzD,2)T]

T
denotes 2N-length complex AWGN

vector; FSD and FSRD are partial DFT matrices taking the
first L and (L − 1) columns of F, respectively. And the z is
a realization of a complex Gaussian random vector with zero
mean and covariance matrix E[zzH] = (β2|DSR|2 + I2N )σ2

n .

3. Sparse Channel Estimation

In this section, we discuss the sparse channel estimation for
AF CCS. Firstly, we review briefly CS theory and restricted
isometry property (RIP) of training signal matrix. Then,
sparse channel estimation method [17] is introduced. Finally,
we propose improved sparse channel estimators by using
partial sparse constraint to take full advantage of prior
information in AF CCS.

3.1. Review of the CS. In a typical complex sparse identifica-
tion system, one can use known matrix U ∈ CN×L to estimate
an L-length unknown sparse signal vector a based on the
observation linear system model:

b = Ua + c, (10)

where b ∈ CN is a complex observation signal vector, c ∈ CN
is a noise vector, and a is K sparse vector which means
the number of dominant entries is no more than K , that
is, ‖a‖0 ≤ K � L. The position of dominant entries is
randomly distributed. In addition, L 	 N according to CS
assumption. The optimal sparse solution aopt can be obtained
uniquely by solving minimization problem:

aopt = arg min
a

{
1
2
‖b−Ua‖2

2 + λ0‖a‖0

}

, (11)

where λ0 is regularized parameter which trades off the mean
square error (MSE) and sparsity. However, solving �0 norm is
NP hard and cannot be utilized in practical applications [22].

Fortunately, alternative suboptimal sparse recovery
methods have been studied if the known measurement
matrix U satisfies RIP [23]. Let UΩ, Ω ⊂ {1, 2, . . . ,N} be the
N × |Ω| submatrix extracting those columns of U that are
indexed by the elements ofΩ. Then theK-restricted isometry
constant (RIC) of U is defined as the smallest parameter
δK ∈ (0, 1) such that

∣
∣
∣
∣
∣

‖UΩaΩ‖2
2 − ‖aΩ‖2

2

‖aΩ‖2
2

∣
∣
∣
∣
∣
≤ δK , (12)

for all Ω with |Ω| ≤ K and all vector aΩ ∈ C|Ω|. Assume
that U is an N ×L random measurement matrix that satisfies
the RIP of order K with RIC δK , that is, U ∈ RIP(K , δK ).
Consider an arbitrary sparse vector a in observation model
b = Ua + c, where ‖c‖2 ≤ ξ, by solving �1 minimization
problem, and suboptimal sparse solution âsub is obtained by

âsub = arg min
a

{
1
2
‖b−Ua‖2

2 + λsub‖a‖1

}

, (13)

where λsub = C0 · σn logN and C0 is a parameter which is
decided by the noise level and RIC of U. Hence, the estimator
âsub satisfies sparse recovery performance with

∥
∥âsub − a

∥
∥

2 ≤ C1 max
{

ξ,
1√
K
‖a− aK‖1

}

, (14)

where C1 is a parameter which is also decided by noise
level and RIC of U. Let us recall the channel estimation
problem for AF cooperative systems in (8); if the equivalent
training matrix X satisfies RIP, then accurate sparse channel
estimation can be achieved. In the next, we will present
improved sparse channel estimation methods by using
LASSO algorithm [19].

3.2. Sparse Channel Estimation. Channel estimation is done
on sparse channel h by sending the training symbols. Con-
ventional sparse channel estimation method using LASSO
algorithm (SEL) has been proposed for deriving sparse
impulse response for AF CCS [17]. According to the system

model in (8), the global sparse channel estimator ĥSEL can be
achieved by

ĥSEL = arg min
h

{
1
2

∥
∥y −Xh

∥
∥2

2 + λSEL‖WSELh‖1

}

, (15)

where

WSEL = I(2L−1)×(2L−1), (16)

is an identity matrix and λSEL = 0.02σn
√
N is a regularization

parameter which controls the tradeoff between square error
‖y −Xh‖2

2 and sparse constrained ‖WSELh‖1. However, the
proposed method can only solve global sparse solution well
while neglecting the inherent partial sparse structure. In
the next, we propose a method to fully exploit the prior
information in AF CCS.

3.3. Partial Sparse Channel Estimation. From signal process-
ing perspective, extra prior information of partial sparse can
be further utilized. In this situation, partial sparse channel
estimation by using LASSO (PEL) ĥPEL could be achieved by

ĥPEL = arg min
h

{
1
2

∥
∥y −Xh

∥
∥2

2 + λPEL‖WPELh‖1

}

, (17)

where

WPEL =
[

IL×L 0L×(L−1)

0(L−1)×L 0(L−1)×(L−1)

]

(18)

is a diagonal weighted matrix and λPEL = 0.2σn
√
N

is a regularization parameter which controls the tradeoff

between square error ‖y −Xh‖2
2 and local partial sparse

constrained ‖WPELh‖1.
Based on the partial sparse constraint on cooperative

channel impulse response, we propose an improved PEL
(IEL) estimator. On the one hand, the local sparse constrain
can improve estimation performance. On the other hand,
the global sparse constraint can mitigate noise interference in
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Figure 4: Channel estimation performance versus SNR.

the low SNR regime. The IEL estimator ĥIEL can be obtained
by

ĥIEL = arg min
h

{
1
2

∥
∥y −Xh

∥
∥2

2 + λSEL‖WSELh‖1

+λPEL‖WPELh‖1

}

,

(19)

where the regularization parameters λSEL and λPEL are given
by the (15) and (18), respectively. In the following, we
will give representative simulation results to confirm the
effectiveness of the improved sparse channel estimation
methods.

4. Numerical Simulations

In this section, we will compare the performance of the
proposed estimators, that is, PEL and IEL, with SEL esti-
mator and LS estimator. To achieve average estimation per-
formance, 1000 independent Monte-Carlo runs are adopted.
The length of training sequence is N = 36. The length of
direct link hSD is L = 32 with the number of dominant
channel taps K1 = 2, 4, 8. The two cooperative links hSR and
hRD have fixed length of L/2 with the number of dominant
channel taps K2 = 4, 8, 16. All of the nonzero channel
taps are generated following Rayleigh distribution and set to
E[‖hSR‖2] = E[‖hRD‖2] = E[‖hSD‖2] = 1. Transmit power
and AF relay power are fixed as PS = PR = NP, where P is
the symbol power. The received SNR is defined as PS/σ2

n .

Channel estimator ĥ is evaluated by normalized mean
square error (NMSE) which is defined by

NMSE
(

ĥ
)

=
E
[∥
∥
∥h− ĥ

∥
∥
∥

2

2

]

‖h‖2
, (20)
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Figure 5: Channel estimation performance versus SNR.

where h and ĥ denote cooperative channel vector and its
estimator, respectively. At first, we compare their estimation
performance with different number of dominant channel
taps K1 and K2. As shown in Figure 4, when K1 = 2 and K2 =
4, the direct link hSD is sparse channel impulse response,
and the cascaded link hSRD may not be sparse since the
linear convolution between hSR and hRD. It can be observed
from Figure 4 that the two proposed channel estimators are
better than both SEL estimator and LS-based linear channel
estimator. It is worth nothing that the IEL estimator has a
better performance than PEL one, since the IEL takes not
only advantage of partial sparse prior information but also
utilizes global sparse constraint to mitigate noise interfer-
ence. The same performance advantage can also be seen in
other scenarios with different number of dominant channel
taps as shown in Figures 5 and 6. When K1 = 4 and K2 = 8,
we can also find that IEL estimator has a better performance
than PEL under low SNR (less than 15 dB). On the other
hand, if the direct link hSD is highly sparse, for example,
K1 = 2, while the cooperative links hSR and hRD are highly
dense, for example, K2 = 16, the two proposed channel
estimators have a more significant performance advantage
over traditional methods. In addition, IEL estimator is worse
than PEL estimator when the SNR is higher than 15 dB.
According to these results, we can conclude the following:
if direct and cooperative links are highly sparse channel,
then IEL can achieve obvious better estimation performance
than PEL; if the direct link is highly sparse channel while
cooperative link is highly dense channel, the estimation
performance of the two proposed methods is very close. It
is worth mentioning that estimation performance of IEL is
better than PEL due to the fact that IEL utilizes global sparse
constraint to mitigate noise interference and partial sparse
constraint to take advantage of channel sparsity. However,
the computational complexity of IEL is higher than PEL.
That is to say, IEL uses higher computational complexity
than PEL to obtain performance advantage. Hence, to use
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IEL or PEL will be decided by the requirement of practical
communication systems. In addition, when the number of
dominant channel taps is very small, for example, K1 = 2
and K2 = 4, the estimation performance is close to the SEL
estimator. However, if the direct link is sparse, for example,
K1 = 2 and cooperative link is highly dense, for example,
K2 = 16, then the two proposed channel estimators are close
to CRLB. According to the previous analysis, we can find that
the proposed methods are generalized from both LS-based
linear estimation method and SEL, since they are either based
on dense or sparse channel assumption. Hence, our proposed
methods can work well in different channel environments.

5. Conclusion

Accurate CSI is indispensable for coherent detection in AF
CCS. Traditional channel estimation methods are based
on assumptions of either dense channel model or sparse
channel model in AF CCS. In this paper, the two kinds of
channel models have been generalized as a partial sparse
channel model. By means of compressive sensing and
partial sparse constraint, we have proposed improved sparse
channel estimation methods to fully exploit channel prior
information. Numerical simulations have confirmed the
performance superiority of the proposed method over the
conventional global sparse channel estimation method and
traditional linear LS method. The proposed method can also
be extended to other cooperative communication systems
such as MIMO AF CCS.
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The current paper considers the joint precoding and transmit antenna selection to reduce hardware cost, such as radio-frequency
chains, associated with antennas in the downlink of multiuser multiple-input multiple-output systems with limited feedback.
The joint precoding and transmit antenna selection algorithm requires an exhaustive search of all possible combinations and
permutations to find the optimum solution at the transmitter, thus resulting in extremely high computational complexity. To
reduce the computational load while still maximizing channel capacity, the cross-entropy (CE) method is adopted to determine the
suboptimum solution. Compared with the conventional genetic algorithm and random search method, the CE method provides
better performance under the same computational complexity, as shown by the simulation results.

1. Introduction

Studies have shown that the capacity of multiple-input
multiple-output (MIMO) systems equipped with multiple
antennas at both the transmitter and receiver sides increases
almost linearly with the minimum number of transmit
and receive antennas [1, 2]. Although systems employing a
large number of transmit and receive antennas can improve
their performance, two drawbacks are associated with such
systems. First, the system requires the same number of radio-
frequency (RF) chains as the antennas used, which typically
increase the complexity and cost of system hardware. Second,
in a multiuser scenario, a base station (BS) communicates
simultaneously with several cochannel users in the same
frequency and time slots, thereby degrading system perfor-
mance [3].

A promising solution to reduce the hardware complexity
of RF chains is the concept of antenna selection scheme [4,
5], in which only the best subset of antennas is used, whereas
the remaining antennas are not employed, thus reducing the
number of required RF chains. Although antenna selection
schemes have the potential to lower the hardware cost while
retaining many diversity benefits of a MIMO system, they
pose a new challenge to the optimal antenna selection,
which requires an exhaustive search (ES) of all candidate
combinations to achieve the best system performance. As
a result, the computational load required for such optimal
selection grows exponentially with the total number of
antennas available. To reduce computational complexity,
several suboptimal algorithms for antenna selection have
recently been proposed, a summary of which can be found
in [4, 5].
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To mitigate multiuser cochannel interference in a mul-
tiuser MIMO (MU-MIMO) scenario, transmit precoding is
usually employed to achieve higher channel capacity [6].
However, transmit precoding generally requires accurate
channel state information (CSI) at the transmitter, thus
necessitating a huge amount of feedback from receivers.
Unfortunately, the feedback rate is usually small in a prac-
tical MIMO system. Moreover, the precoding optimization
problem is shown to be nondeterministic polynomial-time
hard (NP-hard) [7–9]. To address these issues in a practical
way, limited feedback is commonly used to convey the CSI to
the transmitter. In addition, rather than directly sending the
quantized version of the estimated CSI at the receiver back
to the transmitter, a predetermined finite set of precoding
vectors, referred to as the “codebook,” is selected based on
predefined criteria and is fed back to the transmitter. As both
the transmitter and the receiver know the codebook, only the
index of the selected code word is delivered to the transmitter,
reducing the feedback rate.

To lower the hardware complexity and achieve superior
performance in the MU-MIMO systems simultaneously, the
overall system performance is greatly expected to benefit
from the combination of the precoders and the transmit
antenna subset selection [10–13]. However, in the con-
ventional approaches, for example [10–12], the transmit
antenna subset and the precoding vector selections are
conducted separately, leading to performance loss. To fill the
performance gap, Huang et al. [13] first formulated the prob-
lem of joint selection of the optimal Grassmannian precoders
and transmit antenna subset in MU-MIMO systems, with
limited feedback as a particular combination optimization
problem. The genetic algorithm (GA) [14] is then applied
to solve the problem. GA is a metaheuristic search method
that is suitable for solving optimization problems. It encodes
each candidate solution (called an individual) into a bit
string (called a chromosome) and then associates it with
an objective function. The general scheme for GA consists
of five main procedures: initialization, evaluation, selection,
crossover, and mutation. The first procedure, initialization, is
used to randomly generate a genetic pool of NGA individuals
to represent the NGA initial candidate solutions. The next
procedure, evaluation, measures the fitness of each individ-
ual solution in the population and assigns to it a score. A
proportion of the existing population with higher fitness
is then selected to yield a new generation in the selection
procedure. The selected individuals are crossed-over with the
crossover probability in the crossover procedure. Finally, the
mutation procedure is used to randomize the change of the
selected individual solution with the mutation probability.

Although the GA-assisted joint selection approach pro-
posed in [13] outperforms the traditional separate scheme
in terms of average capacity and bit error rate (BER) per-
formance, the performance of the GA-assisted joint selection
approach can be improved. Recently, Rubinstein proposed an
innovative metaheuristic approach called cross-entropy (CE)
method for global optimization [15]. The main idea of the
CE method is to maintain a distribution of possible solutions
and to update this distribution accordingly. Based on the
importance sampling strategy, CE updates the distribution

by minimizing the cross-entropy or Kullback-Leibler diver-
gence to find the closest density to the optimal importance
sampling one. In principle, GA and CE are population-based
stochastic search methods. Unlike GA, however, CE uses the
statistics of the entire population rather than the individual
solutions to produce the next population, which increases
the ability of CE to identify more global optima than GA.
In addition, through the use of a smoothing parameter,
CE avoids getting stuck at a local optimum. CE is also
quite robust with respect to initial conditions and sampling
errors, in contrast to other metaheuristics such as simulated
annealing. Most importantly, CE is robust and efficient in
practice, as well as possessing of asymptotic convergence
properties. Based on the above points, the present paper
proposes the application of the CE method to the problem
described in [13]. Simulation results show that the proposed
algorithm is superior to the GA method in terms of average
capacity and BER performance under the same complexity.

2. System Model and Problem Definition

2.1. System Model. As shown in Figure 1, a downlink MU-
MIMO system with limited feedback is considered, in which
the BS communicates with K active users over flat fading
channels. Similar to [13], our MU-MIMO system is based
on the following assumptions: (1) the BS is equipped with
NT transmit antennas, whereas each user has NR receive
antennas; (2) both the BS and the users know a codebook
of 2L precoding vectors, where L is the number of feedback
bits; (3) each user has perfect knowledge of its own CSI that
can be used to select and find the index of the best precoding
vector from the Grassmannian codebook [16].

Based on the above-mentioned assumptions, the signals
received by the kth user can be described as

yk = HkFs + nk, (1)

where yk ∈ CNR×1 is the received vector of the kth user,
Hk ∈ CNR×NT is the channel matrix from the BS to the kth
user, and s = [

√
p1s1

√
p2s2 . . .

√
pKsK ]T is the transmitted

vector from the BS, where (·)T denotes the transposition,
and sk and pk are the binary phase-shift keying (BPSK)
modulation symbol and the transmitted signal power for the
kth user, respectively. Hence, the total transmit power can
be expressed as

∑K
k=1 pk = p0. F = [f1 f2 . . . fK ] ∈ CNT×K

is the precoding matrix, where fk ∈ CNT×1 is the precoding
vector for the kth user, which can be obtained based on the
Grassmannian line-packing criterion [16], and nk ∈ CNR×1

is a Gaussian noise vector with zero mean and covariance
matrix N0INR for the kth user, where INR denotes an NR ×NR

identity matrix.
At the receiver side, a linear minimum mean square

error (MMSE) MIMO detection is employed for each user to
obtain better performance. After performing MMSE MIMO
detection, the detected information signal for the kth user is
given by

ŝk = G̃kyk. (2)
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Figure 1: Transmitter structure of the considered hybrid scheme.

Here, G̃k is the linear MMSE decoding matrix of the kth user,
which can be expressed as

G̃k = hHk

(

H̃kH̃H
k +

KN0

p0
INR

)−1

, (3)

where (·)−1 and (·)H denote the inverse of the matrix and
the conjugation transpose operation, respectively; H̃k =
HkF is the equivalent channel matrix for the kth user after

precoding, and hk
def= [H̃k]k

def= Hkfk, where [ · ]k denotes
the kth column of the matrix.

Given the above system model, the system capacity
achieved by the K users can be expressed as

Icap(F, H1, . . . , HK ) =
K∑

k=1

log[1 + SINRk(F, Hk)], (4)

where SINRk is the output signal-to-noise plus interference
ratio (SINR) obtained with the linear MMSE detection for
the kth user, which is given by [17]

SINRk(F, Hk) =
pk
∥
∥
∥G̃kHkfk

∥
∥
∥

2

∑K
i=1
i /= k

pi
∥
∥
∥G̃kHkfi

∥
∥
∥

2
+
∥
∥
∥G̃k

∥
∥
∥

2
N0

. (5)

2.2. Problem Statement. To reduce both the multiuser inter-
ference and hardware cost in the MU-MIMO downlink with
limited feedback, a joint optimal precoding and transmit
antenna selection scheme are proposed in [13] to maximize
the system capacity as follows:

arg max
ω∈ Ω

Icap

(

Fωp , H1,ωt , . . . , HK ,ωt

)

, (6)

where ωt is the selected subset of the antenna index for the
transmitter, and vectorωt contains the elements of either 0 or

1 to indicate if a given antenna is selected. Hk,ωt is an NR×nT
subblock matrix of Hk (i.e., the channel matrix associated
with selected transmit antennas), in which nT ≤ NT is the
desired number of transmit antennas to be selected; ωp is the
selected subset of precoding vector index. ωp is the binary
vector used to present the selected subset of the precoding
vector index. Thus, the numbers of possible combinations
for ωt and ωp are H = CNT

nT and F = P2L
K , respectively,

where Cαβ = α!/[β!(α − β)!] denotes the binomial coefficient
and Pαβ = α!/(α − β)! is the number of permutations of α
distinct objects taken β at a time. For ease of presentation, we
use ω = (ωp,ωt) to denote the joint precoding and antenna
selection, thus obtaining A = F × H total number of all
possible combinations. In addition, the set containing all
the combinations of ω is defined as Ω = {ω(1), . . . ,ω(A)},
where ω(q) denotes a particular combination, or ω ∈ Ω.
Furthermore, we define Icap(ω) ≡ Icap(Fωp , H1,ωt , . . . , HK ,ωt )
for ease of notation.

The choice of ω to maximize (6) is a combinatorial
problem, and it can be achieved by ES. However, ES
requires a large amount of computations to search all
possible candidates, posing a potential problem for its
practical implementation. To alleviate the computational
load, suboptimal solution, such as the GA approach [13],
may be used. However, the performance of GA still has room
for improvement. Inspired by the success of the CE method
in solving complex combinatorial optimization problems, we
propose the application of the CE method to solve (6).

3. The Proposed CE-Based Approach

The CE method, proposed by Rubinstein and Kroese [15],
is a type of important sampling technique for estimating the
probabilities of rare events. Afterwards, it was modified to
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minimize the cross-entropy (also known as Kullback-Leibler
distance) with respect to the optimal important sampling
distribution and was evolved into the CE optimization
[15]. The strength of the CE method lies in its ability to
provide a systematic and efficient way to solve continuous and
combinatorial optimization problems.

In principle, the CE method is an iterative algorithm
in which each iteration contains two main phases: first, a
set of samples is generated according to a set of dynamic
parameters; second, the set of dynamic parameters, which
regulates the generation of random samples, is updated
based on the selected elite samples for producing better new
samples. To apply the CE method in the joint precoding and
transmit antenna selection problem, a family of probability
densities { f (·, v)} has to be determined. This family has
support A, and it is parameterized by v. Similar to the typical
CE applications for discrete optimization problems, we can
define a family of Bernoulli probability mass functions
associated with the joint precoding and antenna selection
vector ω = {ωi}NT+K×L

i=1 , ωi ∈ {0, 1}, as given by

f (ω, v) =
NT+K×L∏

i=1

v1i(ω)
i (1− vi)1−1i(ω), (7)

where v = {vi}NT+K×L
i=1 denotes the probability vector we

need to update and the indicator function, 1i(ω) ∈ {0, 1},
indicates whether the ith element of ω is selected. In short,
ωi is generated according to the Ber(vi) distribution.

In each iteration τ, NCE samples {ω( j,τ)}NCE

j=1 are drawn

from the density f (·, v(τ−1)). From these samples, we

calculate their fitness values {Icap(ω( j,τ))}NCE

j=1 using (4) and

sort them in descending order such that Ĩ(1,τ)
cap ≥ · · · ≥

Ĩ(NCE,τ)
cap , where Ĩ

( j,τ)
cap represents the jth order statistic of

the sequence Icap(ω(1,τ)), Icap(ω(2,τ)), . . ., and Icap(ω(NCE,τ)).
Then, the elite samples, which achieved the best performance
in the current set, are collected according to the performance
criterion, that is, the samples for which Icap(ω( j,τ)) ≥ γ(τ)

are selected. Here, γ(τ) is the threshold to determine the elite
sample, which is set to

γ(τ) = Ĩ
(�ρ×NCE�,τ)
cap , (8)

where ρ ∈ (0, 1) denotes the fraction of all samples, and �·� is
the ceiling operation. Thus, these elite samples constitute an
elite set Φ(τ), which is given by Φ(τ) = {ω( j,τ) : Icap(ω( j,τ)) ≥
γ(τ)}.

The goal of the CE method is to construct a sequence
of parameter vectors v(1), v(2), . . . , v(τ), . . ., such that ω(τ),
approaching the global optimum ω�, can be obtained from
f (·, v(τ)) as τ increases. Specifically, the CE method generates
a sequence of couples (γ(τ), v(τ)) that steer the search towards
a neighborhood of the optimal couple (γ�, v�). To achieve
this goal, the CE method minimizes the cross-entropy
between the updated random mechanism and the probability
distribution of the selected elite samples as the update
criterion. According to [15], the optimization problem of

minimizing the cross-entropy to the optimal distribution
f (·, v�) can be solved analytically, which is given by [15]

v(τ+1) = arg max
v

⎧
⎨

⎩

1
NCE

NCE∑

j=1

I{ j∈Φ(τ)} ln f
(

ω( j,τ), v
)
⎫
⎬

⎭
,

(9)

where I{ j∈Φ(τ)} is an indicator variable defined by

I{ j∈Φ(τ)} =
⎧
⎨

⎩

1, if j ∈ Φ(τ)

0, otherwise.
(10)

The maximum of the CE program is determined by
setting the first derivative of (9) with respect to v equal to
zero, where

∂

∂vi
ln f

(

ω( j,τ), v
)

=
1i
(

ω( j,τ)
)

− vi
vi(1− vi) . (11)

Thus,

∂

∂vi

NCE∑

j=1

I{ j∈Φ(τ)} ln f
(

ω( j,τ), v
)

= 1
vi(1− vi)

NCE∑

j=1

I{ j∈Φ(τ)}
(

1i
(

ω( j,τ)
)

− vi
)

= 0.
(12)

Solving for vi in (12) yields the estimate of the optimal
probability density function (pdf) parameter. We have

vi =
∑NCE

j=1 I{ j∈Φ(τ)}1i
(

ω( j,τ)
)

∑NCE
j=1 I{ j∈Φ(τ)}

(13)

for i = 1, . . ., NT + K × L.

Remarks 1. (1) The samples generated based on v(τ) cannot
guarantee that the samples are feasible because the generated
samples must satisfy the given constraints (i.e., the restricted
number of the selected antennas). Therefore, we may need to
add or remove randomly the necessary 1s for each generated
sample to meet the constraint. (2) To prevent the CE method
from premature convergence, a smoothing procedure is
typically adopted to update the probability vector v as follows

v(τ) = θ × v(τ) + (1− θ)× v(τ−1), (14)

where θ ∈ (0, 1] is the smoothing parameter. The updated
v(τ) is then used in the next iteration for generating
samples. (3) The parameters ρ andNCE determine how many
“elite samples (= �ρ × NCE�)” should be chosen to produce
better performing samples in the next iteration. In this case,
the choice of ρ depends on the sample size NCE and the
objective function of the considered problem. If sample size
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NCE is large, then ρ can be small. As a result, the obtained
elite samples can provide enough data to produce better
performing samples for the next iteration. On the other
hand, if sample size NCE is not large enough, then ρ cannot
be small. Otherwise, the proposed algorithm will be easily
trapped in the local solutions. Generally, when we apply
the CE for the considered problem, sample size NCE will be
determined first. Afterwards, parameter ρ can be chosen. In
practice, ρ is typically chosen from the range [0.01, 0.1].

The procedure for the proposed CE-assisted joint selec-
tion algorithm is summarized as follows.

(1) Set the iteration counter τ := 1 and initialize the
probability vector v = [v(0)

1 , . . . , v(0)
NT+K×L] with v(0)

i =
1/2.

(2) Draw NCE random samples {ω( j,τ)}NCE

j=1 from the

density function f (·; v(τ−1)).

(3) Randomly add or remove the necessary 1s for each
sample ω( j,τ) to ensure that each sample is ω( j,τ) ∈ Ω.

(4) Calculate their objective values {Icap(ω( j,τ))}NCE

j=1.

(5) Use (8) to obtain γ(τ) to determine the elite set Ω(τ).

(6) Update v(τ) using (13).

(7) Obtain the smoothed v(τ) using (14).

(8) Repeat Steps (2)–(7) for τ := τ + 1 until the
predefined number of iterations is met.

4. Simulation Results

We compare the proposed CE method with the GA-based
[13] and random search methods in terms of average system
capacity, BER, and computational load. To determine the
performance gap between the true optimal performance and
the compared methods, we also adopt the ES algorithm as
the reference bound. The simulation scenario is as follows
[13]. A downlink MU-MIMO system with limited feedback
is considered, with the data model described in (1). Here, we
assume that i.i.d. BPSK modulated symbols are simultane-
ously sent from the transmit antennas of the BS to every user
with equal energy through the i.i.d. Rayleigh fading channels.
The number of users K , the number of transmit antennas at
the BS NT , the number of selected transmit antennas nT , and
the number of the receive antennas for each user NR are 2,
16, 4, and 2, respectively. In addition, the six-bit (L = 6)
Grassmannian codebook, which has 64 precoding vectors
[16], is used for the precoding. In the parameters used in the
proposed CE method, the smoothing parameter θ is 0.8 (The
reasons for choosing θ = 0.8 are based on the following: the
recommendation of [15], which suggests the range for the
design of 0.7 < λ < 1, and our simulation experience for this
problem. We found empirically that a value of θ = 0.8 gives
good results.) and ρ is 0.1, and the algorithm is stopped when
the iteration number exceeds the predetermined value.

In the first simulation, we fix the signal-to-noise ratio
(SNR) at 6 dB and determine how the capacity performances
of the various algorithms are affected by the different number
of searches S. Here, the number of searches for GA and CE
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Figure 2: Capacity versus the number of searches for different
methods at SNR = 6 dB.

consists of the population size multiplied by the maximum
number of iterations. The simulation results are shown in
Figure 2, in which the population sizes for the CE and GA
are NCE = NGA = 840. The average capacity is evaluated
over 10,000 independent trials. As expected, the average
capacity increases when the number of iterations increases.
It can be seen that the convergence speed of CE is low at
the initial stage (i.e., when the total number of searches S
is small) because we do not have enough elite samples to
produce better samples in the next iteration. Consequently,
CE performs slightly worse than GA with a lower value of the
total number of searches. After this initial stage, the proposed
algorithm is superior to the GA and random search methods
under the same number of searches. When the number of
searches reaches approximately 16,800, the average capacity
value is not improved further, and CE and GA converge to
a reasonable solution. Therefore, the aforementioned three
methods are realized with S = 16, 800 searches in the
conducted simulations.

Figures 3 and 4 show the capacity and average BER
performances, respectively, of the various algorithms with
different SNRs. The following can be observed from the
simulation results: (1) both the capacity and average BER
performance improve as the SNR increases for all algorithms;
(2) the proposed CE method always performs better than
the GA and random search methods regardless of the
SNR regions; and (3) both the capacity and average BER
performance achieved by the optimum ES algorithm are
always better than those obtained by the proposed CE
method but at the cost of a much larger computational load,
where the ES method requires 7,338,240 searches to obtain
the optimum solution. A detailed complexity comparison
between the CE method and the other algorithms is shown
in Table 1.
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Table 1: Complexity of joint precoding and transmit antenna selection algorithms where nT is the number of selected transmit antennas,
NT is the number of total antennas, K donates the number of users, L donates the number of feedback bits, NGA and τGA are the population
size and iterations used in the GA algorithm, and NCE and τCE are the population size and iterations used in the CE method.

Algorithms Complexity order O (NT ,nT ,K ,L) = (16, 4, 2, 6)

Exhaustive search method O(CNT
nT × P2L

K ) 7,338,240

GA method O(NGA × τGA) 16,800

CE method O(NCE × τCE) 16,800
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Figure 3: Capacity versus SNR for different methods.
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Figure 4: Average BER versus SNR for different methods.

5. Conclusion

The current paper presents a CE-based scheme that realizes
the joint precoding and transmit antenna selection in the
downlink of MU-MIMO systems with limited feedback to
reduce the interference effectively and lower the required RF
chains. With the aid of the CE method, the large amount of

search required can be successfully reduced. The simulations
demonstrate that the proposed CE method not only provides
better capacity performance but also enjoys complexity
advantages compared with the conventional GA method.
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So far, a wideband spatial beamformer has been proposed. This kind of beamformer has a major contribution as its weighting
coefficients are real valued in which they can be simply realized by attenuators or amplifiers. However, so far, the range of
attenuation or amplification is relatively large which is not practical for hardware realization. Therefore, this paper proposes
a concept to reduce the range of weighting coefficients hence, the hardware realization becomes practical. In this paper, a
full prototype of wideband spatial beamformer is constructed to reflect the true beamforming performance of the proposed
refinement method. Its radiation patterns obtained from simulation and measurement are compared. As a result, we can reduce
the attenuation or amplification range while some radiation characteristic is remained.

1. Introduction

In recent years, wireless communication systems have grown
rapidly and contained several technologies operating in
different frequencies, for example, WiFi, WiMAX, Bluetooth,
and broadband WLAN. From these reasons, the systems
are demanded for better coverage, wider frequency range,
higher quality of service, and more capacity [1]. So far, smart
antenna systems have been envisaged to be the solution.
This is because the systems can form one beam towards a
desired direction and create nulls or sidelobes towards inter-
ference directions. As a result, the greatly improving system
performance and also saving energy can be obtained [2].
The smart antenna systems usually consist of antenna array
and a suitable signal-processing unit adjusting the weighting
coefficients at individual antenna elements to ease the effect
of interference signal [3]. The signal processing works
according to the utilized algorithms. So far, the beamforming
algorithms for smart antennas in wireless communications
have concerned only narrowband operation. However, in
order to support high data-rate transmission, new efforts
are currently required to deal with smart antennas in wide
frequency range [4]. From literatures [5–7], wideband smart

antenna technology can be classified into three categories.
The first category utilizes space-time signal processing, so
called spatiotemporal beamformer. These systems consist of
array antennas and tapped-delay line at each branch of the
array to deal with the received signal in time domain [8].
However, the number of tapped-delay line increases with
the bandwidth of utilized frequency. Next category relies
on space-frequency signal processing. This is an alternative
approach to perform wideband beam-formation without
the use of tapped-delay lines. In this method the received
signal will be decomposed into non-overlapping narrowband
component using band-pass filter. However, for wideband
signal, the systems require a large number of frequency
filters [9, 10]. The last category utilizes only spatial signal
processing, so-called wideband spatial beamformer. This is
a new method for wideband smart antennas. In the part of
signal processing, weighting coefficients are calculated using
two-dimensional Inverse Discrete Fourier Transform (IDFT)
technique applied to the required radiation pattern. The
obtained weighting coefficients become real values which can
be simply realized by attenuators or amplifiers [11–13]. The
main advantage of this wideband spatial beamformer is that
its design does not require phase shifters, delay circuits, or
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frequency filters. This is of considerable practical advantage
over the other types of beamformer employing complex
weighting coefficients [14]. However, the range between
maximum and minimum values of weighting coefficients
(attenuation or amplification) is relatively wide. This is
considerably impractical. Therefore, this paper proposes the
refinement method for fully spatial beamformer. The aim
of the proposed method is to reduce the range of overall
weighting coefficients. As a result, the implementation of
this kind of beamformer is practical. A full prototype of
fully spatial beamformer is developed in order to validate the
proposed method.

The remainder of this paper is as follows. After brief
introduction showing the background and motivation of
the paper, the concept of beam formation in wide range of
operating frequency band using only spatial signal processing
is described in Section 2. Section 3 proposes the method
to make the weights more practical, so-called refinement
method. A full prototype of fully spatial beamformer is
detailed and constructed in Section 4. Then, its beamforming

Angle (degrees)

R
el

at
iv

e 
am

pl
it

u
de

 (
dB

)

−80 −60 −40 −20 0 20 40 60 80
−50

−45

−40

−35

−30

−25

−20

−15

−10

−5

0

1.9 GHz
2.0 GHz
2.1 GHz
2.15 GHz

2.2 GHz
2.3 GHz
2.4 GHz

Figure 3: Simulated radiation pattern of 4 × 4 beamformer for
frequencies from 1.9 to 2.4 GHz, when the main beam direction is
45◦.

performance is revealed with the use of proposed refinement
method in Section 5. Finally, Section 6 concludes the article.

2. Wideband Beamforming Algorithm Using
Fully Spatial Signal Processing

2.1. Fully Spatial Beamformer. The configuration of a wide-
band beamformer employing a fully spatial signal processing
for beam and null steering in azimuth direction is shown
in Figure 1. It is constituted by N1 × N2 where d1 and d2

represent array spacing in two orthogonal directions and
are usually chosen as half-wavelength (λ/2) at the highest
frequency of a given frequency band. The antenna elements
are denoted by indices (m1,m2) where −M1 ≤ m1 ≤M1 and
−M2 ≤ m2 ≤ M2. The relationship between M and N is
Mi = (Ni − 1)/2 [15].

The radiation pattern of the array as a function of angle
and frequency can be given by

H
(
f ,φ

) = G
(
f ,φ

)

·
M1∑

m1 = −M1

M2∑

m2 = −M2

wm1,m2

· e j(2π f /c)(d1m1 sinφ+d2m2 cosφ),
(1)

where f is the frequency variable, c is the speed of signal,
and G( f ,φ) is a function of frequency-angle-dependent gain
of each antenna element. Note that signal is incident or
transmitted in azimuth direction φ and θ = 90◦. When φ
and θ are the azimuth and the elevation angles, respectively.
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In order to determinate the weighting coefficients wm1,m2 in
(1), a modified IDFT is applied to H as shown in (2)

wm2,m2 =
(

1
Nu1 ·Nu2

)

×
0.5∑

u1 = −0.5

0.5∑

u2 = −0.5

H(u1,u2)
G(u1,u2)

× e− j2πu1m1e− j2πu2m2 .

(2)

We define two auxiliary functions as u1 = ( f d1/c) sinφ
and u2 = ( f d2/c) cosφ. Where Nu1 and Nu2 are number of
sampling points in u1 − u2 plane in which Nu1

∼= 2N1 and
Nu2

∼= 2N2. The H(u1,u2) is the form of Sinc function to
obtain maximum gain in the desired direction [16] which
can be given as

H(u1,u2) =

⎧
⎪⎪⎨

⎪⎪⎩

sin
[
απ(u1/u2)− tanφ0

]

απ(u1/u2)− tanφ0
, rl < |r| < rh,

1√
10

, otherwise,

(3)

where φ0 is the direction at which the main beam to
be pointed to which is assumed to be prior known [14],
α is the number related to the main beam first-null
width, rl and rh are defined by the following expressions:
rl = ( fl/c)d and rh = ( fh/c)d, respectively, when d =
√

d2
1sin2φ0 + d2

2 co s2φ0, fl is lowest frequency and fh is high-
est frequency. Referring to the previous work presented in
[14], null steering implementation is difficult to perform
using IDF method. This is because the obtained weighting
coefficients become real valued. Therefore, degree of freedom
is relatively limited comparing the ones employing complex
weighting coefficients.

To give some simulation examples, we consider 4 × 4-
array operating over frequencies from 1.9 to 2.4 GHz and
choose planar monopole having omnidirectional radiation
to be an antenna element. From (1) to (3), we calculate
weighting coefficients when the main beam is required to be
pointed to φ0 = 45◦. The outcomes of beam formation are
shown in Figures 2 and 3.

Figures 2 and 3 show the radiation pattern of the 4 × 4
spatial beamformer in which the objective function as shown
in (3) is assumed using Sinc function with the mainbeam
pointed to 45◦ off the array broadside direction. These figures
indicate that the main beams are correctly directed towards
the desired direction, and the patterns are alike throughout
the desired frequency band, from 1.9 to 2.4 GHz. Also, it can
be observed that as frequency increases, the array’s sidelobe
levels increase, and the null locations slightly change with
respect to the operating frequency. However, from the results,
the validity of the wideband spatial beamforming concept
can be confirmed.

2.2. Chebyshev Function. In the previously section, we
consider the Sinc function being as an objective function
H(u1,u2). As a result, the sidelobe level (SLL) is relatively
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Figure 4: Simulated radiation pattern of 4× 4 beamformer plotted
at 2.15 GHz, when the main beam direction is 45◦, and the objective
function is Chebyshev.
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Figure 5: Simulated radiation pattern of 4 × 4 beamformer for
frequencies from 1.9 to 2.4 GHz, when the main beam direction is
45◦, and the objective function is Chebyshev.

high. Thus, in this section, the objective function is created,
using Chebyshev function instead as shown in (4) [17, 18].
We consider

H(u1,u2) =
⎧
⎪⎨

⎪⎩

X , desired frequency band
1√
10

, otherwise,
(4)
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where

X =

⎧
⎪⎪⎨

⎪⎪⎩

(−1)N cosh(N · arccosh|x|) , x < −1

cos(N · arccos x), |x| ≤ 1

cosh(N · arccosh x), x ≥ 1,

(5)

x = x0 cos
{

2π
λ
d sin

(θ)
2

}

, (6)

x0 = cosh

(
cos h−1SLLdB

N
− 1

)

, (7)

N = N1 = N2. (8)

From (6) direction of arrival on u1 − u2 plane is

θ = a tan
(
u1

u2
− φ0

)

. (9)

Substituting (9) into (6) yields

x = x0 cos

(
2π
λ
d sin

(
a tan(u1/u2)− φ0

)

2

)

(10)

or

x = x0 cos

(

π sin

(
a tan(u1/u2)− φ0

)

2

)

. (11)

In this section, it is easily done by replacing the objective
function H(u1,u2) appeared in (3) by the one appeared in
(4). Therefore, SLL is expected to be lower comparing to the
ones shown in Figures 2 and 3. The simulation results for this
assumption are shown in Figures 4 and 5.

Comparing between Figures 4 and 5 and Figures 2 and
3 reveals that the sidelobe level when objective function is
assumed using Chebyshev polynomial is lower than using
Sinc function for all frequencies. In Figure 5, the null
location slightly changes when frequency increases as the
ones appeared in Figure 3.

3. Refinement Method for Weighting Scheme of
Fully Spatial Beamformer

Regarding the previous section, it has shown that we can
obtain a value of weighting coefficient of smart antenna by
taking IDFT to the desired radiation pattern. One example
of the obtained weighting coefficients using both Sinc and
Chebyshev functions is shown in Table 1. As we can see
they are all real valued in which we can simply utilize
attenuators or amplifiers to be weights. However, as we
can notice in Table 1, they are not integer numbers, and
also the range between the maximum and minimum values
is relatively wide. This is considerably not practical for
hardware implementation. Therefore, the modification of
calculated weighting coefficients is needed while maintaining
some important characteristic of radiation pattern.

In this section, we describe the proposed refinement
method for weighting scheme of fully spatial beamformer in
order to make it practical. This method is implemented after
initially calculating the weighting coefficients using IDFT as
mentioned before. Some significant properties of radiation
behavior are maintained as described below.

3.1. Refinement Algorithm. The main proposal of this algo-
rithm is to decrease the operation range of weighting
coefficients as an example shown in Table 1. This algo-
rithm is required because simply squeezing the mentioned
range affects some importance radiating characteristics such
as main-beam’s direction and sidelobe levels. However,
obtaining the integer numbers in weighting coefficients is
byproduct when performing refinement method.

The weighting coefficient from IDFT method detailed in
Section 2.1 is now defined as

Wo=
{
wo,1,wo,2,wo,3, . . . ,wo,N

} = {
wo,i

}
, i = 1, 2, 3, . . . ,N ,

(12)

where N is number of array antennas. Usually, the value of
Wo is general number, then we round the weights obtained
from IDFT method to integer-valued weights (Wr) as

Wr =
{
wr,1,wr,2,wr,1, . . . ,wr,N

} = {wr,i
} = Int

{
wo,i

}
. (13)

Then, the required mainbeam direction (φ0), average level
of minor lobe (MLL0) and width of main beam (δ0) and
weighting coefficient (Wr) are given. Next, we carry out the
following steps.

(1) Determine the maximum of Wr , that is

w(k)
max =

N

max
{
wr,i

}

i=1
, (14)

where k = 1, 2, 3 . . . is order of iteration.
(2) Decrease maximum of weighting coefficient (w(k)

max)
by decreasing a step size, where Δw > 0. This results in
integer number for weighting coefficients. We have

w(k)
max, j =

∥
∥
∥w(k)

max − Δw
∥
∥
∥, (15)

where j = 1, 2, 3, . . . . Then we replace w(k)
max, j with w(k)

max in a
set of Wr . We consider

w(k)
max, j =⇒ w(k)

max. (16)

(3) Multiply Wr by steering vector ψ, and we can get
output as follows:

y(k)
j =

N∑

i=1

wr,ie
ψ , (17)

y(k)
j =

N∑

i=1

wr,i

(

exp
((

2π
c

)
(
d1p sinφ + d2q cosφ

)
))

, (18)

where (p, q) is index of antenna elements.
(4) Now, we can obtain the radiation pattern from

(18). Then we can check some significant parameters such

as mainbeam direction (φ(k)
r ), average minor-lobe level
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Table 1: Weighting coefficients when the required radiation pattern is created using Sinc and Chebyshev functions.

Attenuation (dB) Attenuation (dB)

Number of element Objective Number of element Objective

Sinc Chebyshev Sinc Chebyshev

1 11.72 22.78 9 22.82 21.47

2 9.68 6.83 10 0 0

3 11.72 21.47 11 11.98 16.80

4 0.94 5.87 12 5.50 6.83

5 5.50 6.83 13 0.94 5.87

6 11.98 16.80 14 11.72 21.47

7 0 0 15 9.68 6.83

8 22.82 21.47 16 11.72 22.78

Table 2: Parameters given in simulation for refinement algorithm
of 6 cases.

Parameters
Cases of refinement

I II III IV V VI

Δφ (degrees) 0 1 2 3 4 4

ΔMILL (dB) 0 1 2 3 4 4

Δδ (degrees) 0 1 2 3 4 5

Number of directions 67 71 77 86 90 91

(MLL(k)
r ), and beamwidth (δ(k)

r ) according to the following
conditions:

wk
max ≤ w0, (19)

φ − Δφ ≤ φ(k)
r ≤ φ + Δφ, (20)

MLL(k)
r ≤ MLL0 + ΔMLL, (21)

δ0 − Δδ ≤ δ(k)
r ≤ δ0 + Δδ, (22)

where w0 is desired maximum of weighing coefficients, Δφ is
deviation of main beam angle, ΔMLL is deviation of average
minor-lobe level, Δδ is deviation of beamwidth.

(5) Repeat steps 2 to 4 until the set of weighting
coefficient is zero according to (19) to (22), and then we can
obtain a set of new solution (Wr) for the refinement method.

This proposed algorithm can run in both offline or real
time processing depending on the purpose of users. In case
of ruing in real-time, we need a suitable DSP board to receive
the important information from DFT method then perform
5 steps refinement as shown above. Afterwards, the DSP
board feedbacks the weighting coefficients to control the
attenuators or amplifiers.

3.2. Simulation Results. In this section we show the effi-
ciency of the proposed refinement method using our own
developed program in MATLAB. The utilized antennas are
arranged in 4×4 lattice, and the operating frequency is given
from 1.9 to 2.4 GHz. We also assume the decreasing step size
of weighting coefficient of 1, desired maximum of weight
value of 32 dB, and steering angle from 0 to 90 degrees. Some
parameters are given in simulations for 6 cases as shown in
Table 2.
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Figure 6: The comparison of radiation patterns at 45◦ using IDFT
method and Refinement method at frequency 2.15 GHz.

Table 2 shows 6 cases for the proposed refinement
method. Some parameters, for example, maximum weighing
coefficients, deviation of mainbeam angle (Δφ), deviation
of average minor lobe level (ΔMLL), and deviation of
beamwidth (Δδ) are differently given in each case. For case I,
we set the conditions not to have any error in the parameters
mentioned earlier. From running some simulations, we have
found that 67 directions or cases out of 91 directions, 0◦–
90◦, are succeeded for refinement. This means that there
are only 67 directions out of 91 directions in which we can
maintain no error in mainbeam direction, minor lobe level
and beamwidth. For case II, we allow the slight error in
mainbeam direction, minor lobe level and beamwidth as
shown in Table 2. We have found that the number of success
cases increases from 67 to 71 directions. Also, higher error
in mainbeam direction, minor lobe level, and beamwidth
is allowed as shown in Table 2 for cases III, IV, V, and VI.
As we can see, the number of success cases increase as we
allow more error in mainbeam direction, minor-lobe level
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Table 3: The comparison value of attenuator factors between IDFT method and refinement method.

Attenuation (dB) Attenuation (dB)

Number of element IDFT Refinement Number of element IDFT Refinement

1 22.78 18 9 21.47 18

2 6.83 7 10 0 0

3 21.47 18 11 16.80 17

4 5.87 6 12 6.83 7

5 6.83 7 13 5.87 6

6 16.80 17 14 21.47 18

7 0 0 15 6.83 7

8 21.47 18 16 22.78 18
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Figure 7: Radiation pattern at 45◦ using IDFT method from
frequencies 1.9 to 2.4 GHz.

and beamwidth. For case VI, 100% success can be achieved
when we allow error in mainbeam direction of 4◦, minor lobe
level of 4◦ and beamwidth of 5◦. For this case, the maximum
weighting coefficients can be decreased from 54 dB to 32 dB.

Table 3 shows 16 values of weighting coefficients compar-
ing between IDFT method and proposed refinement method
when the desired mainbeam direction is given at 45◦. For
the refinement method, we set w 0 = 18 dB, Δφ = 0◦,
ΔMLL = 3 dB and Δδ = 0◦. As we can see in Table 3, we can
decrease maximum weighting coefficient from 22.78 dB to
18 dB which mean the range of attenuation or amplification
decreases.

Figure 6 shows beamforming performance for case
shown in Table 3 at frequency 2.15 GHz comparing between
using IDFT method and proposed refinement method. The
obtained result shows that after the refinement method is
done, the mainbeam direction is still pointed to 45◦, and
there is no error in beamwidth. Also, the error in average
minor lobe level is within 3 dB.
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Figure 8: Radiation pattern at 45◦ using proposed refinement
method from frequencies 1.9 to 2.4 GHz.

Figures 7 and 8 show beamforming performance of the
beamformer throughout the designated band using IDFT
method and proposed refinement method, respectively. As
we can see, the beamforming performance for both cases is
similar while we can decrease the range of attenuation or
amplification up to 4.78 dB (22.78–18 dB).

4. Practical Realizations

The full prototype employing 4 × 4 array antennas for the
proposed antenna systems is designed for the operating
frequencies from 1.9 to 2.4 GHz as shown in Figure 9.
The prototype is a digitally controlled analog beamforming
system, and it consists of three functional blocks: antenna
array, weighting network, and control devices. A block
diagram of smart antenna systems starts from the received
incident signals at 4 × 4-antenna array. The received signals
are weighted in weighting network which is controlled
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Figure 9: Diagram of smart antenna system.
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Figure 10: Printed monopole antenna structure at (a) front view and (b) back view.

by control devices. Then, the signals are summed at the
combiner device.

4.1. Antenna

4.1.1. Single Element. A printed monopole antenna as shown
in Figure 10 is chosen to be the antenna element for this
paper. The reason is that this type of antenna is compact
enough to be arranged to form the array having interelement

spacing of half-wavelength. As appeared in Figure 10, the
feed line is 25-mm in length, and ground plane is sized by
25 × 40 mm2. The fabricated antenna is shown in Figure 11
using single-layer FR-4-based board having its thickness of
1.6 mm. This antenna was designed to be able to operate in
1.9–2.4 GHz band. Figure 12 shows the measured return loss
of the antenna. As we can see, the antenna provides return
loss lower than −10 dB within the designated band. Also, its
radiation is omnidirectional over the designated band.
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Figure 11: Photograph of the printed monopole antenna fabricated
on a 40× 50 mm2 single-layer FR-4 substrate.
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Figure 12: Measured return loss of the antenna shown in Figure 11.

4.1.2. Antenna Array. Here we present the design and
development of a 4 × 4-array antenna which is capable of
beam steering in the azimuth direction over an increased
operational bandwidth. The design focuses on the frequency
band from 1.9 to 2.4 GHz. The photograph of constructed
antenna array is presented in Figure 13 when the antenna
elements are spaced by half-wavelength at 3 GHz (50 mm),
which is higher than the upper frequency of the assumed
band (2.4 GHz). The use of this higher frequency (3 GHz)
is required in the beamforming algorithm to avoid the edge
effect when finding the weighting coefficients.

4.2. Weighting Network. The weighting networks consist of
four major components: digital attenuators, digital switch-
ing, phase shifters, and power combiners. Each component
operates very well over wide range of frequency covering fre-
quencies from 1.9 to 2.4 GHz. The detail of each component
is shown as follows.

(1) The utilized attenuator is a 50-Ω RF digital step
attenuator offering an attenuation range up to 31.5 dB with
0.5 dB step controlled by 6 bit serial interface. The operating
frequency covers from DC to 2.4 GHz.

(2) The digital switching is 50-Ω high isolate SPDT RF
switch designed for wireless application, covering a broad

Figure 13: Photograph of fabricated 4× 4-array antenna.

Power supply

Control devices

Weighting
network

Array
antenna

Figure 14: Photograph of full prototype for 4 × 4 spatial beam-
former consisting of antenna array, weighting network, control
devices, and power supply.

frequency range from DC up to 3 GHz with low insertion
loss.

(3) Phase shifters using FR-4 substrate were designed
from CST microwave studio. These components are utilized
to 180◦-shift the phase of signal in order to produce the
minus sign for some weighting coefficients.

(4) The power combiners are separated into two different
types which are 2 : 1 operating in frequency range from 1.6
to 3.3 GHz and 16 : 1 operating for frequencies from 1.8 to
2.6 GHz.

4.3. Control Devices. Twelve ATMEGA328 microprocessors
are utilized to digital attenuator and digital switching. The
reason to choose this type of control device is that it is low of
cost but be able to meet the requirement in this paper.

4.4. Spatial Beamformer. The prototype of 4 × 4 spatial
beamformer is constructed to test the validation of the
proposed method as shown in Figure 14. The power supply
is located on the bottom of the shelf. This supports needed
power to microcontrollers, digital attenuators, and digital
switches. The control devices as mentioned in last section are
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Figure 15: Testing the constructed prototype in an anechoic
chamber.
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Figure 16: Simulated and measured radiation pattern using
refinement method for frequency 2.15 GHz, when the main beam
direction is 7◦.

located at the 2nd shelf followed by the weighting network
which is placed on the 3rd shelf as we can see in Figure 14.
The top of the shelf is where we put the 4 × 4 antenna array
as mentioned in last section. Also, the power combiners are
placed on the top shelf and pass the output signal to the
computer.
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Figure 17: Simulated radiation pattern using refinement method
for frequencies from 1.9 to 2.4 GHz, when the main beam direction
is 7◦.

Angles (degrees): refinement method (experiment)
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Figure 18: Measured radiation pattern using refinement method
for frequencies from 1.9 to 2.4 GHz, when the main beam direction
is 7◦.

5. Experimental Results

5.1. Experimental Setup. The constructed prototype is tested
in anechoic chamber as shown in Figure 15. The obtained
results in terms of beamforming performance will be
compared to the ones obtained from computer simulation.
The measurement is taken place at single frequency from
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Figure 19: Simulated and measured radiation pattern using
refinement method for frequency 2.15 GHz, when the main beam
direction is 34◦.
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Figure 20: Simulated radiation pattern using refinement method
for frequencies from 1.9 to 2.4 GHz, when the main beam direction
is −34◦.

1.9 to 2.4 GHz. All the process starting from giving desired
mainbeam direction performs automatically. However to
show some example, the desired directions to be chosen are
7 directions: 2◦, 7◦, −17◦, ±34◦, 57◦, and 75◦.

5.2. Experimental Results. In this section we validate the
beamforming performance of the proposed refinement
method through the prototype measurement described in

Angles (degrees): refinement method (experiment)
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Figure 21: Measured radiation pattern using refinement method
for frequencies from 1.9 to 2.4 GHz, when the main beam direction
is −34◦.
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Figure 22: Simulated and measured radiation pattern using IDFT
method at frequency 2.15 GHz, when the main beam direction is 2◦.

last section. The performance is compared between employ-
ing IDFT method and proposed refinement method. There
are 3 cases for this section as follows. Please note that the
operating frequencies are assumed from 1.9 to 2.4 GHz.

Case A. the beamforming performance using the proposed
refinement method is tested. In this case, the mainbeam
direction is chosen at 7◦. The parameters for this case are as
w0 = 4 dB, Δφ = 5◦, ΔMLL = −11 dB, and Δδ = 0◦. After



International Journal of Antennas and Propagation 11
R

el
at

iv
e 

am
pl

it
u

de
 (

dB
)

−80 −60 −40 −20 0 20 40 60 80

−50

−40

−30

−20

−10

0

Angles (degrees)

−60

1.9 GHz
2.0 GHz
2.1 GHz
2.15 GHz

2.2 GHz
2.3 GHz
2.4 GHz

Figure 23: Simulated radiation pattern using IDFT method for
frequencies from 1.9 to 2.4 GHz, when the main beam direction is
2◦.
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Figure 24: Measured radiation pattern using IDFT method for
frequencies from 1.9 to 2.4 GHz, when the main beam direction is
2◦.

the refinement process is done, we have found that the range
of attenuation or amplification for weighting coefficients can
be reduced from 16 to 4 dB.

The beamforming performance in terms of radiation
pattern at frequency 2.15 GHz when using proposed refine-
ment method according to condition for Case A is shown
in Figure 16. In the figure, comparison between the result
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Figure 25: Simulated and measured radiation pattern using
refinement method at frequency 2.15 GHz, when the main beam
direction is 2◦.
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Figure 26: Simulated radiation pattern using refinement method
for frequencies from 1.9 to 2.4 GHz, when the main beam direction
is 2◦.

obtained from computer simulation and experiment is
shown. As we can see, both results have a good agreement to
each other. Figure 17 shows the beamforming obtained from
simulation for Case A throughout the designated band. We
can see that the mainbeam direction does not deviate from
the given direction (7◦ for this case).
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Figure 27: Measured radiation pattern using refinement method
for frequencies from 1.9 to 2.4 GHz, when the main beam direction
is 2◦.

Case B. For this case, the mainbeam is supposed to be pointed
to −34◦. Also the parameters for refinement are as follows:
w 0 = 4 dB, Δφ = 2◦, ΔMLL = −15 dB, and Δδ = 0◦. After
the refinement process is done, we have found that the range
of attenuation or amplification can be reduced from 30 dB to
4 dB. This is considerable practical.

Figure 19 shows the beamforming performance obtained
from simulation and measurement for Case B at frequency
2.15 GHz. As we can see, after refinement method is done,
the error in mainbeam direction is 2◦, and the error in
minor lobe level is within −15 dB. Also, there is no error
in beamwidth. This error occurred because we allow some
error in the refinement method. Comparing with the results
obtained from Case A, we can obtain higher range reduction
of weighting coefficients while expecting some error in
mainbeam direction, minor-lobe level and beamwidth.

Figures 20 and 21 reveal the beamforming performance
for Case B throughout the designated band, both from
simulation and measurement, respectively. We can observe
more error in mainbeam direction, average minor-lobe
level and beamwidth compared with the ones presented in
Figures 17 and 18. As expected, the ones obtained from
measurement are likely to have higher minor-lobe level.
Case C. For this case, the beamforming performance
using proposed refinement method comparative with IDFT
method is pointed out. The parameters for Case C are as
follows: w 0 = 4 dB, Δφ = 2◦, ΔMLL = −11 dB, and
Δδ = 0◦. Please note that the mainbeam direction for this
case is changed to 2◦. As a result, this case allows us to reduce
the range of weighting coefficients from 8 dB to 4 dB.

Figure 22 shows the beamforming performance at
2.15 GHz using IDFT method for both simulation and
measurement. Figures 23 and 24 show radiation pattern

throughout the designated band, 1.9 to 2.4 GHz, obtained
from simulation and measurement, respectively. As we can
see, its beamforming behavior looks stable throughout the
band. However, the ones obtained from measurement have
slightly higher minor lobe level.

Figures 25 to 27 show the performance similar to the ones
from Figures 22 to 24 but the proposed refinement method
is taken place after we obtain the weighting coefficients
from IDFT method. Its beamforming at 2.15 GHz is shown
in Figure 25 while Figures 26 and 27 show it performance
throughout the designated band via simulation and measure-
ment, respectively. As we can see, the beamforming behavior
looks similar to the cases using IDFT method with narrower
range of weighting coefficients.

6. Conclusion

This paper has presented the method to reduce the range
of weighting coefficients for fully spatial beamformer, so-
called refinement method. This is considerably useful as
the weighting coefficients for this kind of beamformer
are real valued; therefore, narrower range of weighting
coefficients is advantage. As a result, the choice of attenuators
or amplifiers becomes practical. This refinement method is
taken place after weighting coefficients are calculated using
IDFT method. This proposed method can be succeeded in
every mainbeam direction when error in some parameters is
allowed. Those parameters are mainbeam direction, average
minor lobe level, and beamwidth. The more errors are
allowed, the more success cases can be achieved. A full
prototype of fully spatial beamformer was constructed to
test the validation of the proposed refinement method.
The results in terms of radiation pattern obtained from
simulation and measurement are compared. The obtained
results reveal that we can reduce the range of attenuation or
amplification using the proposed refinement method while
some significant radiation behaviors are remained.
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