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ABSTRACT

In this dissertation, channel estimation and channel prediction are studied for

wireless communication systems. Wireless communication for time-variant channels

becomes more important by the fast development of intelligent transportation sys-

tems which motivates us to propose a reduced rank channel estimator for time-variant

frequency-selective high speed railway (HSR) systems and a reduced rank channel pre-

dictor for fast time-variant flat fading channels. Moreover, the potential availability

of large bandwidth channels at mm-wave frequencies and the small wavelength of

the mm-waves, offer the mm-wave massive multiple-input multiple-output (MIMO)

communication as a promising technology for 5G cellular networks. The high fabri-

cation cost and power consumption of the radio frequency (RF) units at mm-wave

frequencies motivates us to propose a low-power hybrid channel estimator for mm-

wave MIMO orthogonal frequency-division multiplexing (OFDM) systems.
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The work on HSR channel estimation takes advantage of the channel’s restric-

tion to low dimensional subspaces due to the time, frequency and spatial correlation

of the channel and presents a low complexity linear minimum mean square error

(LMMSE) estimator for MIMO-OFDM HSR channels. The channel estimator uti-

lizes a four-dimensional (4D) basis expansion channel model obtained from band-

limited generalized discrete prolate spheroidal (GDPS) sequences. Exploiting the

channel’s band-limitation property, the proposed channel estimator outperforms the

conventional interpolation based least square (LS) and MMSE estimators in terms of

estimation accuracy and computational complexity, respectively. Simulation results

demonstrate the robust performance of the proposed estimator for different delay,

Doppler and angular spreads.

Channel state information (CSI) is required at the transmitter for improving the

performance gain of the spatial multiplexing MIMO systems through linear precod-

ing. In order to avoid the high data rate feedback lines, which are required in fast

time-variant channels for updating the transmitter with the rapidly changing CSI, a

subframe-wise channel tracking scheme is presented. The proposed channel predictor

is based on an assumed DPS basis expansion model (DPS-BEM) for exploiting the

variation of the channel coefficients inside each sub-frame and an auto regressive (AR)

model of the basis coefficients over each transmitted frame. The proposed predictor

properly exploits the channel’s restriction to low dimensional subspaces for reducing

the prediction error and the computational complexity. Simulation results demon-

strate that the proposed channel predictor out-performs the DPS based minimum

energy (ME) predictor for different ranges of normalized Doppler frequencies and has

better performance than the conventional Wiener predictor for slower time-variant

channels and almost the similar performance to it for very fast time-variant channels

with reduced amount of computational complexity.

The work on the hybrid mm-wave channel estimator considers the sparse nature of

the mm-wave channel in angular domain and leverages the compressed sensing (CS)

tools for recovering the angular support of the MIMO-OFDM mm-wave channel.
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The angular channel is treated in a continuous framework which resolves the limited

angular resolution of the discrete sparse channel models used in the previous CS based

channel estimators. The power leakage problem is also addressed by modelling the

continuous angular channel as a multi-band signal with the bandwidth of each sub-

band being proportional to the amount of power leakage. The RF combiner is designed

to be implemented using a network of low-power switches for antenna subset selection

based on a multi-coset sampling pattern. Simulation results validate the effectiveness

of the proposed hybrid channel estimator both in terms of the estimation accuracy

and the RF power consumption.
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Chapter 1

Introduction

1.1 Research Areas Overview

With the fast development of high speed railways (HSRs), wireless communication

for high speed trains has attracted more attentions in recent years. A main challenge

of wireless communication for HSR is the rapidly time-varying and non-stationary

propagation channel which together with the presence of line-of-sight (LOS) compo-

nent and limited number of scatterers in most of the HSR scenarios, lead to violation

of wide sense stationary uncorrelated scattering (WSSUS) condition [4]. The large

Doppler and delay spread of the time-variant frequency-selective HSR channels, im-

pose the high pilot overhead requirement for robust pilot-aided channel estimation. In

order to reduce the required pilot overhead, a number of existing papers consider the

restriction of doubly-selective channels to low-dimensional subspaces due to the chan-

nel’s time and/or frequency correlation for single-input single-output (SISO) channel

estimation. The direct application of reduced rank SISO channel estimation tech-

niques for estimating the fast time-variant multiple-input multiple-output (MIMO)

HSR channels can increase the required pilot overhead by several times based on

the antenna arrays size. So, the first part of this dissertation is focused on MIMO

orthogonal frequency-division multiplexing (OFDM) HSR channel estimation and a

reduced rank channel estimator is proposed through representing the channel by a
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4-dimensional (4D) basis expansion model (BEM) for further reducing the required

pilot overhead.

Using multi-element antenna arrays at both the transmitter and the receiver sides

has turned into an indispensable element of most wireless communication standards

by offering higher capacity and performance gains compared to the SISO commu-

nication systems. Spatial multiplexing is a processing technique which improves the

spectral efficiency of MIMO systems through sending multiple data streams over mul-

tiple transmit antennas simultaneously. Linear precoding can be used based on the

available channel state information (CSI) at the transmitter side for adapting the data

streams to the propagation channel and improving the performance gain of the spa-

tial multiplexing MIMO systems. However, for the rapidly changing channel the CSI

becomes out of date quickly and high data rate feedback lines are required for send-

ing the estimated CSI to the transmitter for updating the precoder matrix. Channel

prediction is a promising approach that can be used at the transmitter side to avoid

high data rate feedback lines. So, as the second part of our work a reduced rank auto

regressive (AR) channel predictor for fast time-variant narrowband MIMO channels

is presented by exploiting the channel’s restriction to low dimensional subspaces.

The mm-wave massive MIMO is a promising technology that enables Giga-bit-per

second data rate communication through offering large bandwidth channels at mm-

wave frequencies and the possibility of equipping the base stations with hundreds of

small size antennas. There are several hardware constraints at mm-wave frequencies

such as the high power consumption of the low noise amplifiers and the analog to

digital/digital to analog converters at mm-wave frequencies and the space limitation

for using a complete RF chain per each antenna which is the result of very close place-

ment of antenna elements to each other. So, unlike lower frequencies where the signal

processing is accomplished fully in the digital domain, for the mm-wave frequencies

the fully baseband signal processing is a difficult task due to the high fabrication cost

and power consumption of the RF circuits. Therefore, hybrid architectures are used

for the efficient implementation of the precoding/combining process in a mixture of



3

analog and digital domains. The channel estimation is a challenging task for the

hybrid architectures since the receiver experiences the channel through the analog

precoding and/or combining circuits which intertwine the channel coefficients with

the analog precoding and/or combining vectors and make it impossible to directly

access the channel coefficients in the baseband domain. So, as the last part of this

dissertation, a low-power hybrid channel estimation scheme is proposed for mm-wave

MIMO-OFDM systems based on the sparse nature of the mm-wave channels in the

angular domain and using the compressed sensing tools.

1.1.1 MIMO-OFDM HSR Channel Estimation

Conventional interpolation based channel estimators and parametric model chan-

nel estimation schemes require high pilot overhead for reliable channel estimation in

rapidly-changing frequency-selective channels. Considering the fact that the time-

variant frequency-selective channels are restricted to low dimensional subspaces, the

basis expansion models have been proposed for reducing the channel estimation di-

mensions and consequently the required pilot overhead. For SISO-OFDM channel

estimation, the BEM schemes exploit the channel’s correlation in time and frequency

domain and represent the time-varying channel’s frequency response as a superposi-

tion of a few number of orthogonal basis. The channel estimation problem is thus

converted to the estimation of the limited number of unknown basis coefficients. As

for the fast time-varying MIMO-OFDM systems, one straightforward approach is to

send training symbols from only one transmit antenna during a given time interval

while keeping the other transmit antennas silent so that the channel frequency re-

sponse of different antenna pairs can be obtained one by one using the same BEM

schemes as the SISO-OFDM systems. The main drawback of this approach is the in-

crease of the required pilot overhead which is proportional to the number of transmit

antennas. To further reduce the pilot-overhead one can exploit the inherent spa-

tial correlation between the multi-antenna elements which is imposed by the limited

number of scatterers in most HSR scenarios. This motivates us to propose a reduced
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rank channel estimator by modelling the channel based on the 4D generalized discrete

prolate spheroidal (GDPS) sequences which exploit the time, frequency and spatial

correlation of the MIMO-OFDM HSR channel, simultaneously. The proposed linear

minimum mean square error (LMMSE) estimator outperforms the conventional least

square (LS) estimator in terms of the estimation accuracy for the same pilot overhead.

The proposed estimator overcomes the conventional MMSE estimator’s requirement

for the knowledge of the channel’s second order statistics through approximating the

time variant eigen-vectors of the channel’s covariance matrix by time restricted and

band limited GDPS sequences and has lower computational complexity compared to

the MMSE estimator. The proposed reduced rank channel estimator is investigated

in Chapter 2.

1.1.2 Time-variant MIMO Channel Prediction

Among different channel tracking schemes, BEM is the commonly used approach for

expressing the time varying channel taps as superposition of some low dimensional

time-varying basis functions such as complex exponential (CE) functions, polynomials

and DPS sequences. So far the BEM channel prediction schemes are mainly focused

on CE-BEM and polynomial-BEM channel prediction. However, it has been shown

that the DPS-BEM outperform the CE-BEM and polynomial-BEM for approximating

the Jacke’s channel model. The time restriction and band limitation of the DPS basis

motivates us to propose a sub-frame wise channel tracking scheme which considers

the low dimensional DPS basis for modelling the channel’s time-variation inside each

sub-frame and applies an AR model approach for tracking the basis coefficients over

each frame. The optimal subframe length and basis dimension are derived for a wide

range of Doppler frequencies. The new channel predictor can be used for reduced

feedback load and reduced feedback delay precoder design in time-variant MIMO

channels. The proposed channel prediction scheme improves the prediction accuracy

compared to the conventional AR predictor with lower computational complexity. It

also has better performance than the DPS based minimum energy (ME) predictor over
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different ranges of normalized Doppler frequencies. The proposed channel prediction

scheme is presented in Chapter 3.

1.1.3 Hybrid MIMO-OFDM mm-Wave Channel Estimation

There are several publications which deal with the mm-wave channel estimation

within the compressed sensing (CS) framework based on the sparse nature of the

mm-wave channel in the angular domain. The previous CS-based mm-wave channel

estimators can be divided into two groups, namely, the virtual and extended-virtual

channel model approaches. The virtual channel model schemes apply the CS tech-

nique for estimation of the sparse discrete spatial Fourier transform of the mm-wave

channel and the extended channel models leverage CS tools for recovering the limited

number of quantized angles of arrival (AOAs) and angles of departure (AODs). The

assumed discrete angular spectrum in the virtual channel model and the quantized

angle grids of the extended virtual channel model restrict the accuracy the estimated

channel. Moreover, the limited length of the antenna array results in the power leak-

age problem which reduces the sparsity level of the angular channel. To overcome the

discretization/quantization problem of the previous discrete CS-based channel esti-

mation schemes, a mm-wave channel estimation approach is proposed which treats

the angular channel in a continuous framework and addresses the power leakage prob-

lem by exploiting the multi-band structure of the angular spectrum. The multiple

measurement vectors (MMV) CS techniques are used for channel recovering through

exploiting the same sparsity structure of the angular channel at all sub-carriers. A low

power switch-based hybrid architecture is presented for implementing the proposed

channel estimator which reduces the required number of RF chains. The proposed

hybrid channel estimator outperforms the previous random CS based hybrid channel

estimators in terms of the estimation accuracy, RF power consumption and base-band

computational complexity. The corresponding analytical and simulation results are

presented in Chapter 4.
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1.1.4 Dissertation Organization

In Chapter 2, a reduced rank channel estimator for MIMO-OFDM HSR systems is

proposed. Chapter 3 proposes a DPS based AR channel prediction approach for

single carrier MIMO systems which can be used for precoder design in fast time-

varying systems. Chapter 4 presents a hybrid channel estimation scheme for the

mm-wave MIMO-OFDM systems. Finally, the research contributions on each topic

are concluded in Chapter 5.
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Chapter 2

Reduced Rank MIMO-OFDM

Channel Estimation for High Speed

Railway Communication using 4D

Generalized DPS Sequences

2.1 Introduction

Wireless communication for HSRs has many important applications, including train

safety, broadband communication services for passengers such as internet access and

high quality voice or mobile video broadcasting [4]. In order to meet the broadband

communication requirements for high speed trains, Long Term Evolution for Rail-

way (LTE-R) based on LTE-Advanced (LTE-A) has been proposed [5, 6]. A main

challenge of HSR wireless communication is the rapidly changing radio propagation

condition. Thus, proper channel modelling and robust channel estimation and equal-

ization are required for reliable wireless communication.

For HSR channel modelling several measurements campaigns have been conducted

to measure the large-scale fading parameters, such as path loss and delay spread, in



8

different propagation environments such as cuttings, viaducts, crossing bridges and

train stations [7, 8, 9, 10]. Moreover, a regular shape geometry-based stochastic model

(RS-GBSM) for wideband multiple input multiple output (MIMO) HSR channels has

been proposed in [1] which considers the time-variant small-scale fading parameters,

such as AODs and AOAs for modelling the non-stationarity of the HSR scenarios.

Considering the large Doppler and delay spread of the time-variant frequency-

selective HSR channel, the robust pilot aided channel estimation is a challenging

task. For example, the LTE-A pilot pattern can not support high moving speeds

[4]. Pilot aided OFDM channel estimation approaches can be divided into three

groups, namely, interpolation based schemes, parametric model (PM) approaches

and basis expansion models. The conventional interpolation based schemes use multi-

dimensional interpolation of the estimated channel frequency response at pilots for

reconstructing the channel at data locations. Papers [11] and [12] use 2D and 3D

interpolation for SISO-OFDM and MIMO-OFDM channel estimation, respectively.

The PM channel estimation schemes, use pilot symbols for directly estimating the

multipath channel parameters such as the number of paths, path gains and delays,

AOAs and AODs. The PM channel estimators have improved performance compared

to the interpolation based schemes for the sparse multipath channels which can be

modelled using a few number of parameters [13].

However, for rapidly time variant frequency selective channels both the interpo-

lation based and PM schemes require high pilot overhead for tracking the time vari-

ation of the channel coefficients or multipath parameters inside each OFDM block.

Considering the fact that doubly-selective channels are restricted to low-dimensional

subspaces, several publications propose to use basis expansion models for further

reducing the channel dimensions and consequently the required pilot overhead specif-

ically for fast time-variant channels. Reference [14] propose a reduced rank channel

estimator for each sub-carrier using the discrete prolate spheroidal (DPS) sequences.

While [14] uses the time domain correlation for each sub-carrier, [15] and [16] pro-

pose low-dimensional channel estimators based on the frequency domain correlation
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between sub-carriers via singular value decomposition (SVD) of the channel covari-

ance matrix. Reference [15] assumes a known channel correlation matrix and [16]

uses an adaptive manner to approximate the SVD of the correlation matrix. Further

improvement can be obtained through exploiting time and frequency correlation si-

multaneously. Papers [17] and [18] use the time and frequency correlation and adopt

the multi-dimensional DPS sequences in [14] to remove the requirement of the known

covariance matrix. In [17] successive Slepian subspace projection of the channel is used

in time and frequency and in [18] the eigen-vectors of the channel covariance matrix

are approximated by a two-dimensional subspace model spanned by generalized-DPS

(GDPS) sequences. In both papers, the channel estimation on different antennas are

obtained one by one considering each antenna pair as a SISO-OFDM channel.

The 2D time-frequency DPS/GDPS sequences can be generalized to higher di-

mensions for exploiting the additional spatial correlation between the multi-antenna

elements which is a common feature of most HSR scenarios that have a LOS compo-

nent and limited number of scatterers due to the base station (BS) antenna heights

and the distance of the BSs from the railway [4]. In [19], the projection of the known

MIMO-OFDM channel coefficients onto 4D DPS sequences is used for low complexity

implementation of a geometry-based channel model on a hardware channel simulator.

For MIMO-OFDM channel estimation, However, to our best knowledge, none of the

previous work has considered the extra spatial domain correlation together with the

time and frequency correlation for obtaining a more accurate channel estimation with

a lower pilot overhead. In this chapter we will use the spatial correlation to obtain

a lower-dimensional channel model and achieve better performance with lower pilot

overhead

Contributions:

1. A reduced rank linear minimum mean square error (LMMSE) channel esti-

mator is proposed based on a 4D basis expansion channel model which uses

GDPS sequences for exploiting the time, frequency and spatial correlation at

the transmitter and receiver antenna arrays of a time-variant frequency-selective
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MIMO-OFDM HSR channel.

2. The proposed time-variant channel estimator is validated using a RS-GBSM

propagation channel.

2.2 System Model

We consider a MIMO-OFDM system shown in Fig.2.1. Each OFDM symbol contains

N sub-carriers, and MTx-spatial data streams are equipped with MTx and MRx trans-

mit and receive antennas, respectively. The transmission at each transmit antenna is

frame based with frame length of M OFDM symbols. The system bandwidth is B

and the OFDM symbol duration is given by Ts = (N +G)Tc with G being the cyclic

prefix length and Tc = 1/B. The transmitted symbol at the mth OFDM symbol, qth

sub-carrier and sth transmit antenna is denoted by d[m, q, s] and defined as:

d[m, q, s] =


b[m, q, s] if [m, q, s] ∈ Sd

p[m, q, s] if [m, q, s] ∈ Sp

0 if [m, q, s] /∈ {Sd ∪ Sp}

(2.1)

where b[m, q, s] and p[m, q, s] is a QPSK modulated data symbol and pilot symbol,

respectively. Sd ∈ Z3 indicates the set of integer data locations and Sp ∈ Z3 indicates

the set of integer pilot locations. The received signal y[m, q, r] over the rth receive

antenna is the superposition of MTx data symbols sent from MTx transmit antennas

at time m and sub-carrier q. That is,

y[m, q, r] =

MTx∑
s=1

h[m, q, r, s]d[m, q, s] + z[m, q, r] (2.2)

where h[m, q, r, s] is the sampled time-variant frequency response between the rth

receive antenna and sth transmit antenna and z[m, q, r] is the complex white Gaussian

noise component. Section 2.3 provides more details of the channel model.
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Figure 2.1: MIMO-OFDM system at time m

2.3 Geometry Based Stochastic Model for Wide-

band MIMO HST channel

For modelling the channel, we use the multi-tap RS-GBSM which is proposed recently

for non-stationary wideband MIMO channels in high mobility railway communication

[1]. As shown in Fig. 2.2 in this model the scatterers are assumed to be distributed

over NT confocal ellipses (NT taps) with the BS and the receiver antenna arrays

located at the foci. There are Ni effective scatterers on the ith ellipse. More details

of the channel parameters are provided in Table 2.1 [1].

The time varying AODs and AOAs, for the scatterers located on the ith ellipse,

are chosen from the von Mises distribution defined as follows for ϕiR(t) [1],

f(φiR)(t) = exp[kiR cos(φiR − µiR(t))]/[2πI0(kiR)] (2.3)

where µiR is the mean angular value of AOA φiR and kiR is the relevant von Mises

parameter that controls the spread of φiR. The relationship between the AOD and
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Table 2.1: Parameter definitions of channel model [1]

ai(t),bi(t) Time varying semi-major and semi-minor axis of the ith ellipse

Ds(t) Distance between the BS and the train

fs(t) Ds(t)/2

βT , βR, Tilt angles of transmit and receive antenna array relative to x-axis, respectively

vR,γR Train velocity and angle of motion

∆x,∆y Transmit and receive antenna element spacing

Si An scatterer located on the ith ellipse (the total number of scatteres on ith ellipse is Ni)

φiT (t),φiR(t) AOD and AOA corresponding to the scatterer Si

φslos(t) AOA of LOS component corresponding to sth transmit antenna

EiT (t) Distance from the center of Tx array to the scatterer Si

EiR(t) Distance from the scatterer Si to the center of the Rx array

AOA for multiple confocal ellipses model is given by [20]

sin(φiT (t)) =
b2
i (t) sin(φiR(t))

a2
i (t) + f 2

s (t) + 2ai(t)fs(t) cos(φiR(t))
(2.4)

cos(φiT (t)) =
2ai(t)fs(t) + (a2

i (t) + f 2
s (t)) cos(φiR(t))

a2
i (t) + f 2

s (t) + 2ai(t)fs(t) cos(φiR(t))
(2.5)

where ai(t), bi(t) and fs(t) are defined in Table 2.1.

Figure 2.2: The GBSM for a wideband MIMO HST channel [1].

The channel is composed of the line-of-sight (LOS) component and non-LOS

(NLOS) part, that is, the contribution from the diffuse scatterers in the environ-

ment. We can describe the channel by the time-variant transfer function h(t, f, y, x) =

hNLOS(t, f, y, x) +hLOS(t, f, y, x) with t, f , y and x denoting the time, frequency, po-
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sition of the receive antenna on the receive antenna array and position of transmit

antenna on the transmit antenna array, respectively. The NLOS channel is the super-

position of the contribution from P =
NT∑
i=1

Ni multi-path components corresponding

to total scatterers on all ellipses in Fig. 2.2, i.e.,

hNLOS(t, f, y, x) =
P∑
i=1

ηi(t)e
−j2πD0/λe−j2πτi(t)fej2πfD cos(φiR(t)−γR)t

×ej2πy cos(φiR(t)−βR)/λej2πx cos(φiT (t)−βT )/λ

(2.6)

where ηi(t) is the time variant amplitude of the ith path. The first exponential

is the phase shift corresponding to the initial distance D0 between the transmitter

and receiver antenna arrays. fD is the maximum Doppler frequency and the forth

and fifth exponentials are phase shifts corresponding to the receive and transmit

antenna position in the receive and transmit antenna arrays, respectively. τi(t) =

(Ei
T (t) + Ei

R(t)) /c is the travel time of waves corresponding to the ith scatterer, c is

the speed of light, and distances Ei
T (t) and Ei

R(t) defined in Table 2.1 can be obtained

as [1]

Ei
T (t) =

a2
i (t) + f 2

s (t) + 2ai(t)fs(t) cos(φiR(t))

ai(t) + fs(t) cos(φiR(t))
(2.7)

Ei
R(t) =

b2
i (t)

ai(t) + fs(t) cos(φiR(t))
(2.8)

Let ∆f = 1/(NTc) denote the width of a frequency bin and ∆x and ∆y denote

the distance between adjacent antennas in the transmit and receive antenna arrays,

respectively. The sampled NLOS channel transfer function can be described as a four
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dimensional sequence

hNLOS(m, q, r, s) = hNLOS(mTs, ϕ(q)∆f , kr(r)∆y, ks(s)∆x)

=
P∑
i=1

ηi(m)e−j2πD0/λe−j2πτi(m)ϕ(q)∆f ej2πυmaxm cos(φiR(m)−γR)

×ej2πkr(r)∆y cos(φiR(m)−βR)/λej2πks(s)∆x cos(φiT (m)−βT )/λ (2.9)

where υmax = fDTs is the maximum normalized Doppler frequency and [18]

ϕ(q) = (q +
N

2
)mod(N)− N

2
(2.10)

maps the carrier index q ∈ {0, ..., N − 1} into the discrete frequency index ϕ ∈ IQ =

{0, ..., N/2− 1,−N/2, ...,−1}. Moreover [1],

ks(s) =
MTx − 2s+ 1

2
(2.11)

kr(r) =
MRx − 2r + 1

2
(2.12)

map the transmit antenna index s ∈ {1, ...,MTx} and receive antenna index r ∈

{1, ...,MRx} into the discrete transmit antenna position index ks ∈ IS = {(MTx −

1)/2, ...,−(MTx−1)/2} and discrete receive antenna position index kr ∈ IR = {(MRx−

1)/2, ...,−(MRx − 1)/2}, respectively. Similarly for the LOS channel we can define

hLOS(m, q, r, s) = ηlos(m)ejφe−j2πD0/λe−j2πτlos(m)ϕ(q)∆f ej2πυmaxm cos(φslos(m)−γR)

×ej2πkr(r)∆y cos(φslos(m)−βR)/λej2πks(s)∆x cos(βT )/λ (2.13)

where ηlos is the real amplitude of LOS component and can be estimated using the

Rician K factor of the channel and the power of the first tap of hNLOS. φ ∈ [−π, π),

τlos(t) = Ds(t)/c and φslos(t) is the time-variant LOS AOA corresponding to the sth
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transmit antenna shown in Fig. 2.2 and can be expressed as [21]

φslos(t) =

φ
s
los(t0) + arccos

(
Ds(t0)+vRt cos γR

Ds(t)

)
,−π ≤ γR ≤ 0

φslos(t0)− arccos
(
Ds(t0)+vRt cos γR

Ds(t)

)
, 0 ≤ γR ≤ π

(2.14)

where the initial LOS AOA is φslos(t0) = arcsin
(
ks∆x

Ds(t0)
sin(βT )

)
.

The amplitude ηi in (2.9) and the K factor of the channel depend on the scattering

environments and are different in different propagation scenarios. More information

will be provided in Section 2.6.

2.4 Generalized Discrete Prolate Spheroidal Chan-

nel Model

For channel estimation it is desirable to represent the MIMO-OFDM HST channel

in time, frequency and spatial domain by a low dimensional subspace such that a

low complexity reduced rank linear minimum mean square error (LMMSE) estimator

can be employed. Generally, LMMSE estimator requires the knowledge of the second

order statistics [22] which are either difficult or impossible to be estimated in rapidly

changing HSR channels. In order to obtain a reduced-rank LMMSE, the eigenvec-

tors of the covariance matrix are considered as the optimal basis for spanning a low

dimensional subspace [15].

In this section we approximate the time-variant eigenvectors of the channel co-

variance matrix by a 4D subspace model spanned by GDPS sequences, which does

not need the knowledge of the channel covariance matrix but only the ranges of

the channel support in space, time and frequency domains. Section 2.4.1 provides

an introduction to GDPS sequences and Section 2.4.2 explains the motivation for

modelling the MIMO-OFDM HSR channel using a 4D subspace spanned by GDPS

sequences.
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2.4.1 DPS and GDPS Sequences

DPS sequences were first introduced by Slepian in 1987 [23] for approximation, pre-

diction and estimation of band limited signals [24], [14]. The DPS sequences make a

set of orthogonal basis that can span the same subspace U which is spanned by a time-

concentrated and band-limited flat fading process with a symmetric spectral support

W = [−νmax, νmax]. The DPS sequences {ui[m,W,M ]}M−1
i=0 with band limitation to

W and time concentration to IM are the solutions to

M−1∑
`=0

C[`−m,W ]ui[`,W,M ] = λi(W,M)ui[m,W,M ] (2.15)

where m ∈ Z and C[k,W ] is proportional to the covariance function of a process with

constant spectrum over W and can be evaluated as [2],

C[k,W ] =

∫
W

ej2πkνdν for k ∈ Z (2.16)

and the eigenvalue λi(W,M) represents the energy concentration of ui[m,W,M ]

within IM and is given by

λi(W,M) =

M−1∑
m=0

|ui[m,W,M ]|2

∞∑
m=−∞

|ui[m,W,M ]|2
. (2.17)

Later in [2], GDPS sequences were introduced by generalizing the concept of time-

concentrated and band-limited sequences from a symmetric band-limiting interval

to the union of I disjoint intervals which is shown in Fig. 2.3 and is expressed as

following:

W =
I⋃
i=1

Bi = B1 ∪B2... ∪BI = [υ11, υ12] ∪ [υ21, υ22]... ∪ [υI1, υI2] (2.18)

The GDPS sequences are also obtained from (2.15), just by replacing the sym-
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Figure 2.3: Band limiting region W consisting of I disjoint intervals [2]

metric W used for calculation of C[k,W ] by W defined in (2.18) which leads to

C[k,W ] =
1

j2πk

I∑
i=1

(
ej2πkνi2 − ej2πkνi1

)
(2.19)

The essential dimension of the subspace U is given by [2]

D′(W,M) = d|W |Me+ 1 (2.20)

where for a highly oversampled fading process |W | � 1 and the process can be

approximated by D′(W,M)�M DPS/GDPS basis.

Motivated by the low dimensions of GDPS basis and considering the fact that the

MIMO-OFDM HST channel is band limited in time, frequency and spatial domain,

a 4D GDPS channel model for MIMO-OFDM HST channel will be presented in the

next section.

2.4.2 4D GDPS Channel Model

In this section, based on the channel’s band limitation in different domains, a 4D

basis expansion model is used for the MIMO-OFDM HSR channel, which is similar

to the 4D channel model presented in [19] but with the DPS basis being replaced by

the GDPS sequences for having a more general model not necessarily being symmetric

over its support in each domain. This model can be also used for wideband V2I or

vehicle to vehicle (V2V) MIMO-OFDM channels. The band limitation of the channel
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in time, frequency and space is defined based on the following properties,

1. The band limitation in time domain is controlled by the maximum normalized

Doppler frequency of the channel which is defined as

υmax =
vRfc
c
Ts (2.21)

where fc is the carrier frequency. In fact the channel coefficients h[m, q, r, s]

for antenna pair [r, s] and sub-carrier q over a finite time period m ∈ IM is

band-limited to maximum support Wt = [−υmax, υmax]. Note that within Wt

there are at most P disjoint intervals corresponding to the Doppler spread of

P scatterers. For the ith scatterer the Doppler spread is controlled by its time

varying AOA, i.e., υiD = υmaxcos(φiR(m)− γR).

2. For the frequency-domain subspace which models the channel coefficients h[m, q, r, s]

for the antenna pair [r, s], a single OFDM symbol m and over all sub-carriers,

i.e., q ∈ IN , the bandwidth is defined by the maximum normalized delay of the

channel, θmax, as given by

θmax =
τmax
NTc

(2.22)

Similarly within the maximum frequency support Wf = [0, θmax], we can con-

sider at most P disjoint intervals corresponding to P disjoint paths and each

interval is controlled by time varying delay of the corresponding scatterer, i.e.,

θi = τi(m)∆f .

3. The band-limitation in the spatial domain is based on non-isotropic scatter-

ing environments. Although in some HSR scenarios such as cuttings we can

consider uniform distribution of scatterers at two sides of the track, not all of

the power scattered by the scatterers will be received by the train [25]. Non-

isotropic scattering is also confirmed by measurements of WINNER II project
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[26]. Considering (2.9), the spatial domain band-limitation for the receiver can

be described by the maximum and minimum normalized AOA defined as

ξmax = max{cos(φiR(m)− βR)}∆y

λ

ξmin = min{cos(φiR(m)− βR)}∆y

λ
(2.23)

where the maximization (minimization) is among all scatterers and over the

whole observation time. The maximum support of the AOA Wy = [ξmin, ξmax]

can also have P disjoint intervals corresponding to P disjoint time-varying

AOAs.

4. Similarly we can define the spatial band limitation at the transmitter using the

normalized maximum and minimum AODs defined as,

ζmax = max{cos(φiT (m)− βT )}∆x

λ

ζmin = min{cos(φiT (m)− βT )}∆x

λ
(2.24)

The maximum support of the AOD is Wx = [ζmax, ζmax] which can have at most

P disjoint intervals corresponding to the P time-varying AODs.

In summary it can be seen that the maximum bandwidth of h[m, q, r, s] is re-

stricted to

Wmax = Wt ×Wf ×Wx ×Wy. (2.25)

The band-limitation property of a MIMO-OFDM HSR channel allows us to represent

the channel of all antennas over a frame of M OFDM symbols by the following 4D
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subspace model

h[m, q, r, s] =
Dt−1∑
dt=0

Df−1∑
df=0

Dy−1∑
dy=0

Dx−1∑
dx=0

U t
dt [m,Wt,M ]U f

df

[
ϕ(q) +

N

2
,Wf , N

]

·Uy
dy

[
kr(r) +

MRx

2
,Wy,MRx

]
Ux
dx

[
ks(s) +

MTx

2
,Wx,MTx

]
ψdt,df ,dy ,dx (2.26)

where the GDPS basis {U t
dt

[m,Wt,M ],m ∈ IM , dt ∈ IDt}, {U
f
df

[q,Wf , N ], q ∈ IQ, df ∈

IDf}, {U
y
dy

[r,Wy,MRx ], r ∈ IR, dy ∈ IDy}, {Ux
dx

[s,Wx,MTx ], s ∈ IS, dx ∈ IDx} span the

time, frequency, receiver spatial domain and transmitter spatial domain subspaces

respectively. ψdt,df ,dy ,dx is the corresponding weighting coefficient for these basis.

Dt, Df , Dy, Dt are the essential dimensions of time, frequency and spatial domains

subspaces, respectively, defined as

Dt = d|Wt|Me+ 1

Df = d|Wf |Ne+ 1

Dy = d|Wy|MRxe+ 1

Dx = d|Wx|MTxe+ 1. (2.27)

For modern high-rate communication systems, maximum normalized Doppler fre-

quency υmax << 1 which implies |Wt| << 1 and consequently Dt << M . Similarly,

as the maximum excess delay is limited in communication systems, the maximum

support of the normalized power delay profile is |Wf | << 1 and so Df << N . Con-

sidering non-isotropic scattering with limited AOD and AOA spread and the proper

distance between the antennas in transmit and receive antenna arrays, we also have

Dx << MTx and Dy << MRx .
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2.5 Channel Estimation

In this section we will present an LMMSE channel estimator based on the 4D GDPS

channel model of (2.26).

2.5.1 Problem Formulation

Considering the channel model obtained in (2.26), we can reformulate the signal model

in (2.2) as

y[m, q, r] =

MTx∑
s=1

Dt−1∑
dt=0

Df−1∑
df=0

Dy−1∑
dy=0

Dx−1∑
dx=0

U t
dt [m]U f

df

[
ϕ(q) +

N

2

]
Uy
dy

[
kr(r) +

MRx

2

]

×Ux
dx

[
ks(s) +

MTx

2

]
ψdt,df ,dy ,dxd[m, q, s] + z[m, q, r]

(2.28)

where for notation simplicity, in (2.28) and in the rest of this chapter, we omit the

index set and bandwidth notations used previously in the definition of GDPS basis.

Using equation (2.28), the channel estimation problem is now reduced to estima-

tion of the basis coefficients. The number of coefficients required to be estimated

|ψdt,df ,dy ,dx| = DtDfDyDx << MNMRxMTx . To obtain ψdt,df ,dy ,dx , we can rewrite

(2.28) in the matrix-vector form. We collect all basis coefficient in the vector Ψ with

the following order,

Ψ[dtDfDyDx + dfDyDx + dyDx + dx + 1] = ψdt,df ,dy ,dx (2.29)

Similarly we define vectors y and z containing the the received data values y[m, q, r]

and corresponding noise values z[m, q, r] from all antennas over the transmitted frame

as

y[mNMRx + qMRx + r + 1] = y[m, q, r]

z[mNMRx + qMRx + r + 1] = z[m, q, r]. (2.30)
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From (2.29) and (2.30) we can define the final input-output relationship as

y = DΨ + z (2.31)

where D is an MNMRx ×DtDfDyDx matrix whose rows are given by

D [mNMRx + qMRx + r, :] = ft[m]⊗ ff [q]⊗ fy[r]︸ ︷︷ ︸
D1[m,q,r]

⊗fd[m, q] (2.32)

with

ft[m] =
[
U t

0[m], . . . , U t
Dt−1[m]

]
ff [q] =

[
U f

0

[
ϕ(q) +

N

2

]
, . . . , U f

Df−1

[
ϕ(q) +

N

2

]]
fy[r] =

[
Uy

0

[
kr(r) +

MRx

2

]
, . . . , Uy

Dy−1

[
kr(r) +

MRx

2

]]
fx[s] =

[
Ux

0

[
ks(s) +

MTx

2

]
, . . . , Ux

Dx−1

[
ks(s) +

MTx

2

]]
fd[m, q] =

MTx∑
s=1

fx [s] d[m, q, s]. (2.33)

Note that in (2.32), D1 only depends on the GDPS basis and fd is the pilot (data)

dependent part.

2.5.2 LMMSE Estimation of Basis Expansion Coefficients

The linear estimator for the basis coefficient vector in (2.31) is expressed as [27]

Ψ̂LMMSE = CH
yΨC−1

yyy (2.34)

and covariance matrices are given by

Cyy = E
d
E
Ψ
E
z

{
yyH

}
= E

d

{
DCΨDH

}
+ σ2

zIMNMRx
(2.35)
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CyΨ = E
d
E
Ψ
E
z

{
yΨH

}
= E

d
{DCΨ} = D̃CΨ (2.36)

where σ2
z is the noise variance and D̃ is obtained by replacing d[m, q, s] in matrix D

by d̃[m, q, s] defined as

d̃[m, q, s] =

d[m, q, s] if [m, q, s]T ∈ Sp

0 if [m, q, s]T /∈ Sp
(2.37)

which means that only pilot symbols are used for channel estimation. For the pre-

sented 4D GDPS channel model the covariance matrix CΨ is given by

CΨ =
1

|Wt| |Wf | |Wy| |Wx|
diag (λt ⊗ λf ⊗ λy ⊗ λx) (2.38)

with

λt =
[
λt0, ..., λ

t
Dt−1

]
λf =

[
λf0 , ..., λ

f
Df−1

]
λy =

[
λy0, ..., λ

y
Dy−1

]
λx =

[
λx0 , ..., λ

x
Dx−1

]
(2.39)

contain the eigenvalues defined by (2.17) for each of the GDPS basis.

Replacing the covariance matrices in (2.34), the LMMSE estimation of the basis

coefficients is obtained as

Ψ̂LMMSE =
(
D̃
H

∆−1D̃ + C−1
Ψ

)−1

D̃
H

∆−1y (2.40)

where

∆ = Λ + σ2
zIMNMRx

, (2.41)
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and the block-diagonal matrix Λ is expressed as

Λ [im,q,r1 , im,q,r2 ] =
1

|Wt||Wf ||Wy||Wx|

Dt−1∑
dt=0

Df−1∑
df=0

Dy−1∑
dy=0

Dx−1∑
dx=0{

λtdtλ
f
df
λydyλ

x
dx

∣∣U t
dt [m]

∣∣2 Uy
dy

[kr(r1) +
MRx

2
]Uy

dy
[kr(r2) +

MRx

2
]∗∣∣∣∣U f

df
[ϕ(q) +

N

2
]

∣∣∣∣2 MTx∑
s=1

∣∣∣∣Ux
dx [ks(s) +

MTx

2
]

∣∣∣∣2(1−
∣∣∣d̃[m, q, s]

∣∣∣2)} (2.42)

with im,q,ri = mNMRx + qMRx + ri for i = 1, 2 and r1, r2 ∈ {1, ...,MRx}.

2.6 Simulation Results

In this section, we present the simulation results to evaluate the proposed channel

estimator. We consider M = 14, N = 128, MTx = MRx = 4, fc = 1.8 GHz,

Ts = 8 µs, B = 1/Tc = 20 MHz and the channel parameters listed in Table 2.2 or

specified otherwise. The maximum normalized Doppler spread is controled by the

train velocity vR as |Wt| = 2υmax = 2vRfcTs/c and considering the adjacent channel

taps are at distance Tc from eachother, the maximum normalized delay spread is

|Wf | = θmax = NT/N . According to (2.3) the time varying AODs and AOAs of

different scatterers are chosen from the von Mises distribution controlling the angular

spread and correspondingly the maximum support of the channel in spatial domain

based on (2.23) and (2.24).

Table 2.2: Channel parameters for the RS-GBSM described in Section 2.3 [1]

D0 Dmin γR βT βR NT Ni υR ∆x ∆y

100 m 30 m 22.5o 22.5o 22.5o 10 50 100(m/s) λ/2 λ/2

Viaducts and cuttings are the two most common HSR propagation environments

which are special and different from those in commercial cellular communication [4].

The measurements in [28] show that the propagation environment of terrain cutting
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is worse than viaduct. So we consider the cutting scenario, shown in Fig. 2.4, for our

simulation.

Figure 2.4: Cutting scenario [3]

The complex path amplitude of the scatterers diffused on the surface of two slopes

of the train cutting is modelled as

ηi(t) = G
1/2
0,DI .ci.

(
dref

dT→i(t)× di→R(t)

)nDI/2
(2.43)

where ci is the zero mean complex Gaussian gain of the ith scatterer. nDI = 3,

G0,DI = 23 dB are the path loss exponent and reference power and dT→i and di→R

are the scatterer distance to the BS and to the train, respectively. The Ricean K

factor in the cutting scenario follows the log-normal distribution with the mean 0.94

dB and standard deviation 4.18 dB [3].
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Figure 2.5: Comparison of different estimators with the pilot overhead of 0.0135 for a
4× 4 MIMO-OFDM system with |Wt| = 0.0096, |Wf | = 0.0781, AOA spread of 35.2◦

and AOD spread of 43.5◦.

Fig. 2.5 compares the performance of the proposed GDPS-based channel esti-

mator in terms of the normalized mean square error (NMSE) with the conventional

interpolation based LS and MMSE estimators which require to first obtain the channel

estimation at pilot positions and then use a 2D interpolation in time and frequency

to obtain the channel coefficients at the rest of the sub-carriers for each antenna pair.

The 3D diamond pilot pattern presented in [12] is used for multiplexing the pilots

into the transmitted data stream. The pilot overhead of diamond grid is adjustable

based on the essential dimension of the GDPS basis in time, frequency and transmit-

ter spatial domain which according to (2.27) are proportional to the bandwidth of

the channel in each domain. The proposed channel estimator has better performance

than the LS estimator. However, the MMSE channel estimator outperforms the pro-

posed scheme since the MMSE approach uses the full channel correlation information

for both channel estimation at the pilot sub-carriers and interpolation at the data

sub-carriers.

Fig. 2.6 shows the performance of the proposed channel estimator for different

AOD and AOA spreads. For all cases it is assumed that Dt = 2, Df = 11 and
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Dx = 2, leading to the same pilot overhead of 0.0135. Since the same number of

basis are used for spanning the transmitter spatial domain, the performance degrades

for bigger AOD spreads. Moreover, for bigger AOA spreads more GDPS basis may

be used for channel modelling which improves the estimation accuracy. The average

Dy is indicated for each case. The effect of different antenna sizes is investigated in

Fig. 2.7 for the same pilot overhead. Increasing the number of antennas will increase

the number of basis used for channel modelling and can provide better channel ap-

proximation. However, for the transmitter array the increased number of antennas

degrades the performance since the pilot overhead in the transmitter spatial domain

is the same for all antenna sizes. For the receiver spatial domain, as the channel is

sampled at all receive antennas we have enough samples for estimating the increased

number of basis coefficients. So better performance is obtained for the bigger receiver

antenna array sizes.

Figure 2.6: Evaluation of the proposed channel estimator for different AOD/AOA
spreads for a 4 × 4 MIMO-OFDM system with the pilot overhead of 0.0135, |Wt| =
0.0096 and |Wf | = 0.0781.
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Figure 2.7: Evaluation of the proposed channel estimator for different number of
antennas with the pilot overhead of 0.0135, AOA spread of 35.2◦, AOD spread of
43.5◦, |Wt| = 0.0096 and |Wf | = 0.0781.

Figure 2.8: Evaluation of the proposed channel estimator for different delay spreads
with the AOA spread of 35.2◦, AOD spread of 43.5◦ and |Wt| = 0.0096.
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Figure 2.9: Evaluation of the proposed channel estimator for different train velocities
with M = 28, Ts = 16 µs, B = 10 MHz, AOA spread of 35.2◦, AOD spread of 43.5◦

and |Wf | = 0.0781.

Fig. 2.8 represents the effect of different delay spreads on channel estimation

accuracy. Each scenario has a distinct pilot overhead based on the distinct number

of frequency domain basis. As the pilot overhead is adjusted to each scenario it is

expected that the NMSE does not differ greatly for each case. Fig. 2.9 also indicates

the performance of the proposed channel estimator for different Doppler spreads. It

is obvious that for the same pilot overhead, the bigger the train velocity is, the worse

it is the channel estimator performance.

The computational complexity of the proposed reduced rank LMMSE estimator

(2.40) in terms of floating point operations, is determined by the dimension of D̃ ∈

CMNMRx×DtDfDyDx and is calculated as follows [29]

CGDPS ≈ 8MNMRx (DtDfDyDx)
2 +

8

3
(DtDfDyDx)

3 , (2.44)

while for a full rank LMMSE estimator in which the channel coefficients are estimated

rather than the basis coefficients, D̃ ∈ CMNMRx×MNMRxMTx and the computational
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complexity is

Cfull ≈ 8 (MNMRx)
3

(
MTx

2 +
1

3
MTx

3

)
. (2.45)

As an example, for the parameters presented in Table 2.2 with 8 × 8 MIMO size,

Dt = 2, Df = 11, Dy = 3 and Dx = 3, there is relative complexity reduction of

Cfull/CGDPS = 1.2246e+ 06.

2.7 Conclusion

Considering the time, frequency and spatial correlation of the MIMO-OFDM HSR

channels, we have proposed a reduced rank LMMSE estimator based on a 4D GDPS

channel model. The low dimension of the basis resulted in the good performance of

the GDPS based channel estimator compared to the conventional interpolation based

LS and MMSE channel estimators for the same pilot overhead and with lower com-

putational complexity. Simulation results, presented for the train cutting scenario

and the non-stationary RS-GBSM channel model, have demonstrated the robust per-

formance of the channel estimator for different antenna sizes and different Doppler,

delay and angular spreads.
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Chapter 3

MIMO Channel Prediction for Fast

Time-Variant Flat Fading Channels

based on Discrete Prolate

Spheroidal Sequences

3.1 Introduction

Multiple-input multiple-output (MIMO) wireless communication attracted high at-

tention during the past decades due to its capability for providing higher capacity

and performance gains compared to single-input single-output (SISO) systems. High

spectral efficiency can be achieved in MIMO systems through sending multiple data

streams simultaneously over multiple transmit antennas, which is called spatial mul-

tiplexing [30]. The performance of spatial multiplexing can be further improved if the

transmitted streams are matched to the propagation channel. Linear precoding is a

technique that uses the available channel state information (CSI) at the transmitter

(CSIT) for adapting the data streams to the instantaneous propagation channel [31],

[32]. In frequency division duplex (FDD) systems the CSIT can be obtained through



32

the feedback technique. However, the feedback load and feedback delay should be

minimized for fast and reliable communication. The feedback load can be reduced

by sending some quantized form of CSI through the feedback channel [33, 34, 35].

The feedback delay is also an important issue especially in fast time-variant channels

which leads the CSIT to become out of date and degrades the performance of the

precoder. Channel prediction has been proposed as a promising scheme to overcome

the feedback delay problem [36, 37].

Channel prediction techniques can be mostly divided into three groups, the para-

metric radio channel (PRC) model, the auto regressive (AR) model and basis-expansion

model (BEM) [38]. The PRC approach models the time-variant channel as a sum of

complex sinusoids each of which is determined with its amplitude and Doppler fre-

quency. The parameters associated with each complex sinusoid is estimated using

the known channel coefficients and will be used for channel prediction. References

[39, 40, 41, 42] used the PRC method for SISO channel prediction and [43], [44]

applied PRC for MIMO and Multi-user MIMO channel prediction, respectively.

The conventional AR schemes use a linear minimum mean square error (MMSE)

filter for predicting the future channel as a linear combination of the known channel

coefficients [45, 46, 40, 47, 48]. This requires the knowledge of channel correlation

matrix. For the case of unknown or time-variant correlation function, adaptive AR

schemes have been developed which are based on adaptive filtering techniques such as

least mean squares (LMS) [49], recursive least squares (RLS) [50] and Kalman filtering

[37], [51]. For AR models the computational complexity grows with the number of

antennas when they are extended for MIMO channel prediction [52].

BEM is a widely used type of channel representation for time varying systems

where the time varying channel taps can be approximated as a linear combination

of some low dimensional orthogonal basis such as complex exponential (CE) func-

tions, polynomials, Discrete Prolate Spheroidal (DPS) Sequences, etc. The basis are

determined based on the channel’s Doppler spread and the basis coefficients are esti-

mated using the channel information at pilot positions. Papers [53] and [54] consider
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polynomial-BEM channel tracking in which basis coefficients are updated frame by

frame using the rectangular-windowed RLS (RW-RLS) adaptive filtering and Kalman

filtering schemes, respectively. Paper [53] also provides a method to obtain the poly-

nomial optimal model order. Channel tracking using CE-BEM has been investigated

in several papers [55, 56, 57]. Reference [55] uses a Kalman filtering scheme based on

an assumed first-order Gauss-Markov model of CE-BEM coefficients for tracking the

basis coefficients from one OFDM block to the next. In [56], the transmitted symbols

are segmented into over-lapping blocks each containing several sub-blocks and differ-

ing from its adjacent blocks only by one sub-block. The sub-block wise updating of

the CE-BEM coefficients for each block is performed using a Kalman filtering scheme

for an assumed first-order AR model of basis coefficients and also using an RLS algo-

rithm without considering any model for basis coefficients. A similar tracking scheme

to [56] is also proposed in [57] where the extra information from the decision symbols

is considered together with the information from the training sessions for improving

the estimation of CE-BEM coefficients.

DPS-BEM is another commonly used BEM which is shown to outperform the

polynomial-BEM and CE-BEM in approximating the Jacke’s channel model for dif-

ferent ranges of Doppler spreads [58]. Several publications have considered the low

dimensional channel estimation based on the DPS basis [59, ?]. As for the channel

tracking, [60] proposes a minimum energy (ME) extrapolation-based predictor where

the time-concentrated and band-limited DPS sequences are used for approximating

the channel over a period of time for which the channel coefficients are known (esti-

mated). The same estimated basis coefficients together with the same extrapolated

DPS basis are used for the prediction of the future channel samples. Although ME

predictor has low complexity, its performance degrades for long range prediction over

fast time-variant channels [38].

In this chapter we develop a new DPS-BEM channel predicting scheme which

assumes non-overlapping transmitted frames and applies a sub-frame wise tracking

approach for updating the DPS-basis coefficients based on a Q-order AR modelling of
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the basis coefficients. The proposed scheme differs from the sub-block wise CE-BEM

tracking approchs of [56, 57] in that they exploit the CE basis for the overall channel

variation in each frame which implies the basis duration being the same as the frame

duration and increases the required number of CE basis for channel modelling. Since

the frame length is large, overlapping frames are considered for better tracking of

the basis coefficients. However, for the proposed DPS-BEM tracking scheme a few

number of DPS basis which are time-limited to the sub-frame length are used for

exploiting the channel variation inside each sub-frame and an AR model is applied

for tracking the channel variation between subframes without any requirement for

considering overlapping frames. Moreover, the CE-BEM tracking schemes of [56, 57]

consider time-multiplexed training sessions inside each subframe for updating the

basis coefficients, while the proposed frame structure only assumes known channel

coefficients at the beginning of each frame. The detailed contributions are as follows:

1. We formulate the channel prediction problem considering a DPS-BEM of the

time-variant channel coefficients over each sub-frame and an AR model of the

time-variant DPS basis coefficients over the whole transmitted frame. The

error contribution from the AR prediction of the DPS basis coefficients and

the DPS modelling of the channel coefficients is investigated and an algorithm

for obtaining the optimal sub-frame length (correspondingly the optimal AR

modelling order) and the optimal number of basis per sub-frame is proposed

through minimizing the total prediction error of the transmitted frame.

2. The application of the proposed channel predictor for reduced feedback load

and delay precoder design is investigated and the relative amount of feedback

load reduction is obtained for different MIMO sizes. The performance of the

proposed channel predictor is evaluated for the Jakes’s fading channel model

with different normalized Doppler spreads and the results are compared with

the ME and the conventional AR predictors.
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Figure 3.1: Precoded MIMO system at time m

3.2 System Model

A precoded MIMO system with MTx transmit antennas and MRx receive antennas

is shown in Fig. 3.1. The input bit stream is first QPSK modulated and then it

is demultiplexed into K-spatial data streams represented by {di[m]}Ki=1 at time m.

Note that K ≤ MRx ≤ MTx in general and for a full-rate system K = MRx = MTx

which is assumed in the rest of this chapter without loss of generality. Considering

d[m] = [d1[m], d2[m], · · · , dMTx
[m]]T as a vector which contains the mth symbol of all

data streams, this vector is then multiplied by the precoder matrix F[m] to obtain

the transmitted symbols as

x[m] = F[m]d[m] (3.1)

where x[m] = [x1[m], x2[m], · · · , xMTx
[m]]T contains the symbols transmitted from

MTx transmit antennas at time m. Similarly, the corresponding received vector is

represented by y[m] =
[
y1[m], y2[m], · · · , yMRx

[m]
]T

where for a single tap channel,

y[m] = H[m]x[m] + z[m]. (3.2)

H[m] is the MRx×MTx channel matrix and z[m] is the corresponding additive white

Gaussian noise vector at time m. The received vector, y[m], is first multiplied by the

combiner matrix G[m] and then is processed for data detection.

Precoder and combiner matrices are designed to make decoupling of data steams

possible at the receiver. To avoid performance degradation, the precoder and com-
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biner should be matched to the channel matrix. The optimal precoder and combiner

can be obtained from the eigenvectors of the channel matrix [34]. For the slow time-

varying channels, the precoder matrix F[m] is considered to be constant over each

frame, i.e., for m ∈ IMf
. So, it can be calculated once based on the estimated channel

matrix at the beginning of each frame. The precoder matrix, is then fed back to the

transmitter directly in infinite feedback rate systems or it is first quantized based

on a predefined codebook and the quantization index is fed back in finite feedback

rate systems. The same precoder will be used through the whole frame. However, in

fast time-variant channels, F[m] becomes out of date very quickly and it is required

to be updated even inside one frame which is impossible due to channel estimation

and feedback delays. To overcome the feedback delay problem, it is proposed to pr

edict the channel coefficients and design the precoder in advance [36], [37]. In the

next section we will investigate two channel prediction schemes which can be used for

precoder design in fast time-variant channels.

Note that, here after, hk,l[m] represents the channel impulse response for (k, l)-

antenna pair at time m. Moreover, we consider independent and identically dis-

tributed (i.i.d.) Rayleigh fading channel based on the Jakes’ model for each antenna

pair with no spatial correlation between different antennas as in [61].

3.3 AR and ME Channel Predictors

In this section a brief introduction to ME and AR channel predictors is presented

which then will be used for introducing the proposed DPS-AR channel predictor in

the next section.

3.3.1 ME Channel Predictor

A low complexity ME channel predictor is proposed in [60] which is based on a

subspace spanned by time-concentrated and band limited DPS sequences and it is

shown that for a fading process with constant spectrum over its support the ME
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predictor is identical to a reduced-rank maximum-likelihood predictor.

For (k, l)-antenna pair, the ME predictor uses the band-limitation of the fading

channel and models the channel over the first M known coefficients of each frame as

a linear combination of Dt dominant DPS basis

hk,l[m] =
Dt−1∑
i=0

ui[m,W,M ]ψk,li for m ∈ IM (3.3)

where Dt is the essential dimension of the subspace spanned by DPS sequences and

is given by [62],

Dt(W,M) = d|W |Me+ 1. (3.4)

with |W | = 2fdTs indicating the maximum normalized support of the signal in fre-

quency domain. For a highly oversampled fading process |W | � 1 and the process

can be approximated by Dt(W,M) � M DPS basis which reduces the amount of

computational complexity. The basis coefficients {ψk,li }
Dt−1
i=0 are estimated as

Ψk,l = UHhk,l (3.5)

where hk,l = [hk,l[0], · · · , hk,l[M − 1]]T contains the know channel coefficients, Ψk,l =

[ψk,l0 , · · · , ψk,lDt−1]T and [U]m,i = ui[m,W,M ] for m ∈ IM and i ∈ IDt .

In the ME predictor, the estimated basis coefficients from (3.5) are used for pre-

dicting the future channel coefficients by extrapolating the DPS basis {ui[m,W,M ]}Dt−1
i=0

over m = M, · · · ,Mf − 1 based on (2.15) and using the same linear combination of

the extrapolated basis presented in (3.3). As the DPS sequences are most energy

concentrated in IM , among the infinitely many ways for extending the band-limited

channel samples over m ∈ Z \ IM , the ME predictor is the only one that extends the

channel in an ME continuation sense [60].
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3.3.2 AR Channel Predictor

Comparing different channel prediction algorithms, it is concluded in [63] that the

AR model based predictors, known as Wiener predictors [64], outperform the PRC

model based schemes both for synthesized and measured radio channels at least for

the narrowband case. Assuming the channel is known over the first M samples of

each frame, the Wiener predictor predicts the channel at m ∈ {M, · · · ,Mf −1} using

the weighted linear combination of the M most recent channel coefficients as follows:

ĥk,l[m] = wk,l[m]Hh̃k,l[m] (3.6)

where wk,l[m] is the M × 1 weighting vector and h̃k,l[m] is defined as

h̃k,l[m] =
[
ĥk,l[m− 1], ĥk,l[m− 2], · · · , ĥk,l[m−M ]

]T
(3.7)

which we call it the history vector with ĥk,l[m
′] being the known channel coefficient

for m′ ∈ {0, · · · ,M − 1} and the previously predicted channel coefficient for m′ ∈

{M, · · · ,Mf − 1}. The weighting vector wk,l[m] is obtained through minimizing the

mean square error (MSE) between the predicted channel and real channel at time m,

w[m] = argmin
w

E
{
‖ h[m]−w[m]Hh̃[m] ‖2

}
(3.8)

which leads to

w[m] = Rhh[m]−1rhh[m] (3.9)

and the M ×M matrix Rhh and the M × 1 vector rhh are defined as

[Rhh[m]]i,j = E {h[m− i]h∗[m− j]}

[rhh[m]]j = E {h[m]h∗[m− j]} for i, j = 1, · · · ,M (3.10)
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Figure 3.2: Transmitted frame structure for each antenna

Note that for notation simplicity, the antenna pair index (k, l) is omitted in (4.8)-

(4.11) and in the rest of this chapter.

3.4 Proposed DPS-AR predictor

In this section a new DPS based AR (DPS-AR) channel predictor will be presented

which takes the advantage of the low computational complexity induced by the DPS

sequences and the performance gain of AR model, simultaneously. We will also inves-

tigate the application of the proposed scheme for the precoder design in time-variant

channels.

3.4.1 DPS-AR channel predictor

Consider the transmitted frame over each antenna is divided into Qf subframes of

Ms = Mf/Qf length shown in Fig. 3.2. The first Q = M/Ms subframes contain

the M known channel samples, and the channel coefficients of the rest of Qf − Q

subframes are to be predicted. We use the DPS sequences to model the channel’s

time-variation inside each subframe. It is clear from (2.15) that for each subframe

the DPS basis depend on the length of the subframe and the normalized Doppler

spread of the channel. Considering the same maximum Doppler frequency over the

whole frame and the same length for all subframes, the DPS basis would be the same

for all subframes and only the basis coefficients would change from one subframe to

another one. Using Ds dominant DPS basis, the channel impulse response inside the
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qth subframe can be approximated as follows for each antenna pair,

h[(q − 1)Ms +m] ≈
Ds−1∑
i=0

ui[m,W,Ms]ψi[q] for m ∈ IMs (3.11)

where m indicates the mth sampling time inside each subframe and ψi[q] is the ith

basis coefficient for subframe q.

As mentioned previously, the basis {ui[m,W,Ms], i ∈ IDs ,m ∈ IMs} are indepen-

dent of q and they are the same for all subframes. So for tracking the time-variation of

the channel, we only require to track the changes of the basis coefficients {ψi[q]}Ds−1
i=0

over adjacent subframes. In order to predict the basis coefficients for future subframes

we will use the AR model. For the qth subframe, the ith basis coefficient, ψi[q], is

predicted from,

ψ̂i[q] = wi[q]
HΨ̃i[q] (3.12)

where Ψ̃i[q] is a Q×1 history vector which contains the ith coefficient of the Q recent

predicted/known subframes and is defined as

Ψ̃i[q] =
[
ψ̂i[q − 1], · · · , ψ̂i[q −Q]

]T
(3.13)

Using the same idea as (3.8), the MMSE weighting vector wi[q] is obtained from

wi[q] = Ri[q]
−1ri[q] (3.14)

where

[Ri[q]]k,l = E {ψi[q − l]ψ∗i [q − k]} for k, l = 1, ..., Q (3.15)

and

ri[q] = [E {ψi[q]ψ∗i [q − 1]} ,E {ψi[q]ψ∗i [q − 2]} , · · · ,E {ψi[q]ψ∗i [q −Q]}]T (3.16)
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with E {ψi[q]ψi[q′]} indicating the amount of the correlation between the ith basis

coefficient of the qth and q′th subframes. For estimating the correlation between

the basis coefficients of different subframes we can write the following vector-matrix

relationship for the qth subframe based on (3.11) and by considering Ds = Ms,

h[q] = UtΨt[q] (3.17)

where Ut is an Ms × Ms matrix with [Ut]m,i = ui[m,W,Ms] for m, i ∈ IMs , h[q]

contains the channel coefficients of the qth block with [h[q]]m = h[(q−1)Ms+m] and

[Ψt[q]]i = ψi[q]. Multiplying both sides of (3.17) by their hermitian at q′ and taking

the expectation of them the following relationship is obtained between the correlation

function of the channel and the correlation function of the basis coefficient between

the qth and q′th subframes,

RΨt [q, q
′] = UH

t Rh[q, q′]Ut (3.18)

where RΨt [q, q
′] = E{Ψt[q]Ψt[q

′]H} and Rh[q, q′] = E{h[q]h[q′]H}. Note that for a

stationary channel Rh[q, q′] = Rh[q − q′] and consequently RΨt [q, q
′] = RΨt [q − q′]

which results in the same wi[q] for different value of q.

3.4.2 Mean Square Error of the Predictor

As it is discussed in the previous section, the channel inside each subframe is modelled

by Ds DPS basis and each basis coefficient is predicted using a Q-order AR model.

So the predicted channel impulse response of the qth subframe is modelled as,

ĥ[q] = UDsΨ̂Ds [q] (3.19)

where UDs is an Ms ×Ds matrix containing the first Ds dominant DPS basis as its

columns and Ψ̂Ds [q] is a Ds × 1 vector containing the corresponding predicted basis

coefficients at the qth subframe which differs from the original basis coefficient vector
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ΨDs [q] by the AR prediction error vector eAR[q] as follows

Ψ̂Ds [q] = ΨDs [q] + eAR[q] for q = Q+ 1, · · · , Qf (3.20)

where

[eAR[q]]i = ψ̂i[q]− ψi[q] = wi[q]
HΨi[q]− ψi[q]︸ ︷︷ ︸
eM [q,i]

+ wi[q]
Hei[q]︸ ︷︷ ︸

eP [q,i]

for i = 1, 2, · · · , Ds.

(3.21)

In (3.21) ψ̂i[q] is replaced by wi[q]
HΨ̃i[q] according to (4.31) and the error contribution

from the previously predicted coefficients, resulting in the so-called AR propagation

error eP [q, i], is reflected in the Q × 1 vector ei[q] = Ψ̃i[q] − Ψi[q] with [ei[q]]j =

[eAR[q − j]]i being its jth element. eM [q, i] is called the AR modelling error which

is the result of the prediction in an MMSE sense using the MMSE weighting vector

wi[q].

Using (3.17), (3.19) and (3.20), the mean square error of the qth block is defined

as,

MSE[q] = E
{
‖ h[q]− ĥ[q] ‖2

}
= E

{
‖ VHh[q] ‖2

}︸ ︷︷ ︸
MSEDPS[q]

+E
{
‖ eAR[q] ‖2

}︸ ︷︷ ︸
MSEAR[q]

(3.22)

where in deriving (3.22) we used the fact that the DPS basis are orthonormal and

independent of the AR prediction error and V = [uDs, ...,uMs−1] contains the Ms−Ds

less dominant DPS basis spanning the subspace orthogonal to the signal subspace

spanned by columns of UDs . MSEDPS[q] is the mean square of DPS reconstruction

error caused by using the limited number of basis for modelling the channel inside

each subframe which according to (3.18) can be simplified to,

MSEDPS[q] =
Ms−1∑
i=Ds

uHi Rh[q, q]ui =
Ms−1∑
i=Ds

E{|ψi[q]|2} (3.23)
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where for a stationary channel MSEDPS[q] is independent of the subframe index q.

Using (3.21), MSEAR[q] can be also obtained from,

MSEAR[q] =
Ds−1∑
i=0

E
{
|[eAR[q]]i|2

}
=

Ds−1∑
i=0

E
{
|eM [q, i] + eP [q, i]|2

}
(3.24)

It is clear that for a given normalized channel bandwidthW , MSEDPS[q] and MSEAR[q]

can be controlled by the subframe length Ms and the number of DPS basis per

subframe Ds. While increasing the number of basis would decrease MSEDPS[q], it

would increase the AR prediction error since more coefficients are required to be

predicted. As for the subframe length, choosing Ms to be too small would increase

the AR modelling error as the history vector is more correlated specifically for low

Doppler frequencies which can result in a rank deficient matrix Ri[q] in (3.14) and less

accurate weighting vector wi[q] estimation. Smaller subframe length also increases

the number of subframes to be predicted which can lead to a bigger AR propagation

error. On the other hand, very large subframe length may also increase the AR

modelling error due to the increased distance between the history samples which may

not be correlated enough with the basis coefficient to be predicted especially in fast

time variant channels.

So for the normalized bandwidth W and M known channel coefficients at the

beginning of each frame, the subspace dimension and the subframe length which

minimize the total MSE over the frame of length Mf with Qf subframes can be

obtained from the following optimization problem,

[M opt
s (W ), Dopt

s (W )] =

argmin
Msis a factor of M
Ds∈{1,2,...,Ms}

 Qf∑
q=Q+1

Ms−1∑
i=Ds

E{|ψi[q]|2}+

Qf∑
q=Q+1

Ds−1∑
i=0

E
{
|eM [q, i] + eP [q, i]|2

} .

(3.25)

For solving (3.25) we can use Algorithm 1 which usually converges after two or three
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iterations.

Algorithm 1 Algorithm for calculating M opt
s (W ) and Dopt

s (W )

Input: M , Mf , W

Output: M opt
s (W ), Dopt

s (W )

Initialisation : k = 1, Ms(k) = M

1: Q = M
Ms(k)

, Qf =
Mf

Ms(k)

2: Find Ds(k) ∈ {1, · · · ,Ms(k)} which minimizes (3.25)

3: k ← k + 1

4: Ds(k)← Ds(k − 1)

5: Find Ms(k) ∈ {m|m is a factor of M and m ≥ Ds(k)} which minimizes (3.25)

6: while Ms(k) 6= Ms(k − 1) do

7: k ← k + 1

8: Ms(k)←Ms(k − 1)

9: Repeat 1 to 5

10: end while

11: return M opt
s (W ) = Ms(k) and Dopt

s (W ) = Ds(k)

Assuming M = 30 and Mf = 120, Table 3.1 shows the optimum values of Ms,

Ds and the corresponding value of Q = M/Ms, for different normalized Doppler

frequencies. It is clear that by increasing the maximum normalized Doppler frequency

the optimal subframe length decreases and the ratio of Ds/Ms increases. In fact

when the channel varies more rapidly, the correlation between the basis coefficients of

different subframes will decrease which requires smaller subframe length for reducing

the AR prediction error. Moreover, to reduce the DPS reconstruction error at high

Doppler frequencies more DPS basis per subframe are required for better tracking of

the time-variation of the channel in each subframe.
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Table 3.1: Optimal subframe length and subspace dimension for M = 30 and Mf = 120

Normalized Doppler Frequency (fdTs) 0.001 0.002 0.005 0.01 0.015 0.02

Ms 10 10 6 6 6 5

Ds 3 3 3 3 3 3

Q 3 3 5 5 5 6

For different normalized Doppler frequencies and the optimum values of Table

3.1, Fig. 3.3 shows the AR prediction mean square error for each of the basis co-

efficients as well as the DPS reconstruction mean square error for each subframe

q ∈ {Q + 1, · · · , Qf} over the prediction length of Mf −M = 90 channel samples.

As expected, by increasing the Doppler frequency, the amount of different types of

error will increase. Moreover, since the simulated channel is wide sense stationary the

DPS reconstruction error is constant over different subframes and the small amount

of MSEDPS[q] indicates the proper performance of the time variation modelling of the

channel inside each subframe using adequate number of DPS basis. As for the AR

prediction error, it is clear the less dominant basis have smaller prediction error as

they have less contribution in channel modelling (have smaller basis coefficients).
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(a) (b)

(c)

Figure 3.3: Basis coefficients’ AR prediction error and DPS modelling error per each
subframe q ∈ {Q+ 1, · · · , Qf} over the prediction length of Mf −M = 120− 30 = 90
channel samples for (a) fdTs = 0.001,Ms = 10, Q = 3, Qf = 12, (b) fdTs = 0.01,Ms =
6, Q = 5, Qf = 20, (c) fdTs = 0.02,Ms = 5, Q = 6, Qf = 24.

For evaluating the prediction quality of the proposed scheme over the samples of

each subframe, we can also calculate the amount of error at the mth sample of the

qth subframe as follows,

e[q,m] = h[(q − 1)Ms +m]− ĥ[(q − 1)Ms +m]

= h[(q − 1)Ms +m]−
Ds−1∑
i=0

ui[m]ψi[q]︸ ︷︷ ︸
eDPS [m]

−
Ds−1∑
i=0

ui[m] [eAR[q]]i︸ ︷︷ ︸
eAR[m]

(3.26)
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where eDPS[m] and eAR[m] are associated with the DPS modelling error and the AR

prediction error of different basis coefficients, respectively. As discussed, the error

contribution from the DPS modelling is fairly small and it can be concluded that

the error at each sample is mainly controlled by the second term which is a linear

combination of the AR prediction error of different basis coefficients weighted by

the corresponding DPS basis values at time m. Since the DPS basis may not be all

strictly ascending or descending functions over the subframe length and can take both

positive and negative values, the error at each sample inside each subframe can follow

an increasing, decreasing or even constant trend due to constructive or destructive

contribution from the weighted prediction error of different basis coefficients. Fig.

3.4 indicates the error per sample for different normalized Doppler frequencies and

the optimal values of Table 3.1.

Figure 3.4: MSE of the proposed DPS-AR prediction scheme over 90 channel samples
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Figure 3.5: Proposed precoded MIMO system

3.4.3 Application to Precoder Design

The DPS-AR channel predictor which is proposed in the previous section can be

used to reduce the feedback load and the feedback delay of sending the CSI to the

transmitter for precoder design in time-variant channels. Based on the proposed

scheme shown in Fig. 3.5, it is only required to feedback the Ds basis coefficients

of the first Q known/estimated subframes for predicting the channel and designing

the precoder over the subsequent subframes of each frame. The relative amount of

feedback load reduction compared to the case of sending back the channel impulse

response of the first M samples of each frame is in the order of FR = O(Ms

Ds
) per each

antenna pair. Based on the optimum values of Ms and Ds presented in Table 3.1, the

proposed DPS-AR predictor offers significant feedback load reduction specially for

slower time-variant channels and massive MIMO systems. Fig. 3.6 shows the amount

of feedback load reduction for different antenna sizes.

It should be also noted that, the DPS sequences are the same for different sub-

frames and can be calculated once and stored at the transmitter based on the known

maximum normalized Doppler frequency and the chosen subframe length. Once the

channel is predicted for each subframe the precoder can be obtained using the SVD

decomposition of the channel matrix.
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Figure 3.6: Relative feedback load reduction for different MIMO sizes

3.5 Simulation Results

In this section the performance of the proposed DPS-AR channel predictor is com-

pared with that of the AR and the ME channel predictors. Fig. 3.7 shows the

normalized MSE (NMSE) for different prediction schemes at the prediction length p

which is defined as,

NMSE[p] =
1

p

M+p∑
m=M+1

E{|h[m]− hpre[m]|2} (3.27)

where hpre[m] is the predicted channel sample at time m. As it is expected the ME

predictor has lower accuracy both for low and high maximum normalized Doppler

frequencies compared to the proposed DPS-AR predictor. This is due to the fact

that ME predictor assumes that most of the energy of the channel is contained in

the known samples at the beginning of each frame and extends the channel over the

future time instants in an ME continuation sense which has a low complexity but
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would not guarantee the best prediction accuracy for the signals that do not have low

energy over their prediction interval. The proposed predictor also outperforms the

AR approach for low to medium normalized Doppler frequencies and it has almost

the same performance as the AR method for high normalized Doppler frequencies.

The reason for that is the fact that in lower Doppler frequencies, the history vector in

the AR predictor contains more correlated samples resulting in inaccurate weighting

vector estimation. However, for the proposed DPS-AR scheme the basis coefficients

are sampled far enough from each other based on the selected subframe length which

increases the accuracy of the weighting vector estimation and reduces the AR pre-

diction error of the basis coefficients. On the other hand, by proper selection of the

number of basis the DPS reconstruction error is controlled to be small enough and

consequently the total prediction error of the proposed DPS-AR scheme would be

smaller than that of the AR model. Increasing the Doppler frequency, however re-

duces the correlation in the history vector of the AR predictor leading AR predictor

to reach its best performance and reduces the gap between the two schemes.

Figure 3.7: NMSE comparison of different predictors at different prediction length
and for different Doppler frequencies
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In terms of the computational complexity it is clear from (3.9) and (3.14) that

the conventional AR method requires calculating an M -order MMSE filter, w[m] ,

for each m ∈ {M, · · · ,Mf − 1}, while the proposed scheme requires to calculate a Q-

order MMSE filter, wi[q], for each i ∈ {0, · · · , Ds− 1} and each q ∈ {Q+ 1, · · · , Qf}.

The computational complexity of the MMSE filter for the conventional AR model is

in the order of CAR = O(M3(Mf −M)) and for the proposed reduced rank DPS-AR

scheme is in the order of CDPS−AR = O(DsQ
3Mf−M

Ms
). Fig. 3.8 shows the relative

amount of computational complexity reduction CR = CAR/CDPS−AR = M4
s /Ds for

different MIMO sizes. So, although for more fast time variant channels the DPS-AR

method has almost the same performance as the AR predictor, it still outperforms

the AR method in terms of the computational complexity.

Figure 3.8: Relative computational complexity reduction for different MIMO sizes

3.6 Conclusion

In this chapter we have proposed a low complexity channel predictor which uses

the DPS basis in combination with an AR model to track the channel’s time varia-
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tion. The same DPS basis are used to model the time-variant channel inside different

subframes and the AR model is used for tracking the time variation of the basis coef-

ficients in each transmitted frame. The subframe length and the number of DPS basis

used for channel modelling in each subframe are obtained by minimizing the MSE

of the proposed predictor and it is shown that the bigger the normalized Doppler

frequency is, the smaller should be the sub-frame length and the bigger should be the

number of basis per subframe. The simulation results demonstrates the better predic-

tion accuracy of the DPS-AR scheme in comparion to the ME predictor for different

prediction length and different ranges of maximum normalized Doppler frequency.

Moreover, comparing to AR predictor the DPS-AR approach has better performance

both in terms of computational complexity and MSE for low to moderate time vari-

ant channels and has almost the same performance for fast time variant channels

with lower complexity. The proposed channel predictor can be applied for predicting

the precoder in time varying MIMO channels with reduced amount of the required

feedback load.
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Chapter 4

Hybrid mm-Wave MIMO-OFDM

Channel Estimation Based on the

Multi-Band Sparse Structure of

Channel

4.1 Introduction

The potential availability of large bandwidth channels at mm-wave frequencies and the

small wavelength of the mm-waves, offer the mm-wave massive MIMO communication

as a promising technology for 5G cellular networks which enables Giga-bit-per second

data rates [65]. Due to the high fabrication cost and power consumption of the RF

units at mm-wave frequencies, hybrid analog/digital architectures, which use a small

number of RF chains and divide the precoding/combining processing between RF

and baseband domains are proposed for efficient implementation of mm-wave massive

MIMO systems [66, 67, 68]. The hardware constraint of the hybrid architecture makes

the mm-wave channel estimation a challenge [69].

Exploiting the sparse nature of mm-wave channel in the angular domain, the
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channel estimation problem can be solved within the compressed sensing (CS) frame-

work [66], [70, 71, 72, 73]. In the CS formulation the equivalent measurement matrix

consists of the dictionary matrix which contains fixed basis functions to exploit the

sparsity of the channel and the training precoder/combinder vectors which are de-

signed to minimize the coherence of the measurement matrix for unique recovery of

the sparse channel [69]. Discrete spatial Fourier transform (DSFT) basis or the an-

tenna array response vectors can be used as the columns of the dictionary matrix to

obtain a sparse channel representation known as the virtual [74, 75, 76] or extended

virtual channel model [69], respectively.

In the virtual channel representation the number of DSFT basis used for obtaining

the sparse angular spectrum equals to the number of Tx/Rx antennas which limits

the angular resolution. Moreover, based on the Fourier transform properties the

limited antenna array length causes power leakage problem in the angular spectrum

and decreases the sparsity level of the channel [66]. Paper [77] tries to improve the

angular resolution by using a redundant dictionary containing much more uniform

DSFT basis than the number of antennas. Increasing the number of DSFT basis,

however, is equivalent to sampling the angular spectrum at a higher rate which will

increase both the length of the sparse angular channel vector required to be recovered

and the number of nonzero elements of it. So, more channel measurements (longer

training sequences) should be obtained for unique recovery of the signal [78, 79].

The extended virtual channel representation considers a parametric channel model

where the AOAs/AODs are assumed to be taken from a quantized angle grid dis-

tributed uniformly over [0, 2π] and the columns of the measurement matrix are the

array response vectors corresponding to these angles [69]. The sparse channel vector

length is determined by the angle grid size and the sparsity level of the channel vec-

tor equals to the number of multi-path components which is smaller than that of the

virtual channel model both with conventional or redundant dictionary matrices and

correspondingly smaller number of measurements are required for CS channel esti-

mation. However, since in the extended virtual channel model the angles are chosen
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from a uniform grid, the array response vectors (columns of the dictionary matrices)

may not be orthogonal which increases the coherency of the equivalent measurement

matrix and degrades the CS reconstruction accuracy compared to the virtual chan-

nel model with orthogonal DSFT basis [77]. Since the AOAs/AODs are continuous,

it is clear that for both the virtual and extended virtual channel models the angle

quantization error may only be neglected if the number of dictionary basis tends to

infinity which is impossible. Adaptive design of the dictionary matrix is proposed in

[80] and [81] for narrowband and broadband massive MIMO systems, respectively.

In these adaptive schemes a multi-stage procedure is applied which uses coarse angle

grids in the first stage to obtain a rough estimate of AOAs/AODs using CS recovery

algorithms and improves the estimation by refining the grids iteratively around the

estimated angles in the next stages.

Beside different possible sparse channel models, different hybrid architecture have

also been proposed based on the traditional random CS tools [70, 71, 72, 81] or

adaptive CS techniques [66] where the RF precoders/combiners can be implemented

using networks of random/fixed phase shifters [68], [82], lens antennas [83, 84] and/or

low power switches [73, 85].

In this chapter we develop a new power efficient CS-based mm-wave channel es-

timation scheme for hybrid MIMO-OFDM systems. The proposed channel estimator

addresses the limited angular resolution problem through recovering the continuous

instead of discretized angular spectrum and also considers the power leakage issue by

modeling the angular channel as a multi-band signal with the number of sub-bands

being equal to the number of multi-path components and the bandwidth of each being

controlled by the antenna array length. Our channel estimation approach is adapted

from the spectrum blind reconstruction of the multi-band signals at minimal sampling

rates [86] and the proposed hybrid architecture is based on switches to further reduce

the complexity and power consumption of the RF combiner.

Contributions:

1. We formulate the sparse MIMO-OFDM mm-wave channel estimation problem
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based on the multi-band structure of the continuous angular channel and a

multi-coset sampling pattern for antenna subset selection. The CS formulation

considers multiple measurement vectors (MMV) and the same sparsity struc-

ture of the sub-carriers for the joint recovery of the channels of all sub-carriers.

In the proposed multi-band MMV (MB-MMV) approach the angular channel

is treated in the continuous framework and the angular support is recovered

using a finite dimensional problem without any discretization. So, unlike the

previous discrete channel models for which the number of measurements is con-

trolled by the desired angular resolution (grid size), for the proposed scheme

the number of measurements only depends on the number of channel’s paths

and the bandwidth of each sub-band.

2. The proposed MB-MMV channel estimator is implemented using a hybrid ar-

chitecture made up of a network of switches for RF combiner design and a

baseband processor. The proposed hybrid scheme is analysed in terms of min-

imum number of required RF chains and the RF power consumption and the

system performance is evaluated for different system parameters using Monte

Carlo simulation.

4.2 System Model

We consider a mm-wave massive MIMO-OFDM system with Ku single antenna users

and a base station (BS) equipped with a uniform linear antenna array of NBS an-

tennas. The number of RF chains at the BS is NRF and each user has a single RF

chain. For estimating the channel of the kth user we assume that while other users

are silent, an OFDM symbol of P sub-carriers with the cyclic prefix length of LCP

is sent from this user. The continuous spatial domain channel of the kth user at the
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pth sub-carrier is modelled as,

hk(ŝ, p) =

Lk−1∑
l=0

αl,ke
−j2πpfsτl,k/P ej2πŝ sin(θl,k)/λ ŝ ∈ (−∞,+∞) (4.1)

where fs is the frequency bandwidth leading to adjacent sub-carrier distance of fs/P ,

λ is the signal wavelength, Lk is the number of paths and αl,k, τl,k and θl,k are the

complex gain, delay and AOA of the lth path of user k, respectively. The channel at

the sth receive antenna, hk[s, p], is obtained by sampling hk(ŝ, p) at ŝ = sd where d

is the distance between the adjacent antennas.

If LCP ≥ max(τl,k) and each of the receive antennas at the BS is equipped with

one RF chain, i.e., NRF = NBS, then the received signal from the kth user is modelled

as,

xk[s, p] = hk[s, p]dk[p] + zk[s, p] (4.2)

where dk[p] is the pilot symbol sent at the sub-carrier p of user k and for channel

estimation we can assume binary pilots, i.e., dk[p] = 1. zk is the corresponding

additive white Gaussian noise.

The limited number of paths in the mm-wave channels imposes a sparse structure

in the angular domain which can be used for reducing the number of RF chains at

the BS. In the next section this sparsity will be used for designing a reduced rank RF

combiner for sparse mm-wave channel estimation.

4.3 Multi-band mm-wave channel estimation

4.3.1 Multi-band Structure of mm-wave channels

In this section we aim to use the sparsity of mm-wave channel in the angular domain

to model the received signal as a multi-band signal and propose a channel estimator

using a few number of RF chains.

The continuous spatial Fourier transform (CSFT) of hk(ŝ, p), namely the angular



58

channel, can be defined as,

ĥk(f
a, p) =

∫ ∞
−∞

hk(ŝ, p)e
−j2πfaŝdŝ (4.3)

where fa is called the continuous spatial/angular frequency. Considering the channel

model defined in (4.1), ĥk(f
a, p) can be simplified as,

ĥk(f
a, p) =

Lk−1∑
l=0

αl,ke
−j2πfsτl,kp/P δ

(
fa − sin(θl,k)

λ

)
(4.4)

which indicates that ĥk(f
a, p) is a sparse signal only being nonzero at {fa = sin(θl,k)/λ}Lk−1

l=0 .

Using the Fourier transform properties, it can be easily verified that limiting ŝ to the

BS antenna array length, i.e., ŝ ∈ [0, (NBS − 1)d], leads the delta functions in (4.4)

being replaced with the sinc functions as follows

ĥk(f
a, p) = (NBS − 1)d

Lk−1∑
l=0

αl,ke
−j2πfsτl,kp/P sinc

(
(fa − sin(θl,k)

λ
)(NBS − 1)d

)
(4.5)

where sinc(fa) = sin(πfa)/(πfa). The nonzero angular bandwidth imposed by the

sinc functions indicates the power leakage from the nonzero angular frequencies of

(4.4) to their adjacent frequencies. The smaller the length of the antenna array

is, the wider are the sinc functions and the more is the power leakage. This en-

courages us to model the angular channel ĥk(f
a, p) and correspondingly the angular

received signal x̂k(f
a, p) as a multi-band signal with at most Lk distinct sub-bands

at {fa = sin(θl,k)/λ}Lk−1
l=0 and each having a bandwidth of

β ≥ 2

(NBS − 1)d
(4.6)

where the lower bound of β is equal to the main lobe width of the sinc function in

(4.5). Since, the main lobe of the sinc function contains more that 90% of its total

power [87], we approximate β by its lower bound in the rest of this chapter. It should
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be also noted that the location of the sub-bands are independent of the sub-carrier

index p which means that for each user the channel of all sub-carriers follow the same

sparsity structure.

It is clear from (4.5) that the maximum angular bandwidth of ĥk(f
a, p) is limited

to F = [− 1
λ
− β

2
, 1
λ

+ β
2
] which, based on the Nyquist theorem, implies that the distance

between the adjacent antennas should satisfy

d ≤ 1

2/λ+ β
=
λ

2
− λ

NBS − 1
≈ λ

2
(4.7)

where the approximation in (4.7) is based on the fact that for mm-wave MIMO

systems λ and NBS are pretty small and big, respectively. Moreover, using d = λ
2
, it

can be easily verified that the maximum angular bandwidth can be approximate as

F ≈ [− 1
2d
, 1

2d
].

Ignoring the additive noise effect, Fig. 4.1 (a) shows a schematic diagram of

x̂k(f
a, p). The user index k is dropped in Fig. 4.1 and the rest of this chapter for

notation simplicity.
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Figure 4.1: (a) Schematic diagram of the spatial spectrum of the received signal at
sub-carrier p. (b) Related schematic of X̂(p) matrix

Figure 4.2: Proposed switch-based hybrid architecture

4.3.2 Proposed Channel Estimation Method

Considering the multi-band structure of the channel, we propose a channel estimation

scheme which can be implemented using a low power switch-based hybrid architec-
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ture as shown in Fig. 4.2. This subsection explains the theory behind this channel

estimator and Subsection III-C gives the detailed description of the receiver hybrid

architecture. The proposed channel estimator is based on the multi-band spectrum

reconstruction scheme proposed in 2009 by Mishali in which a multi-coset sampling

pattern is used together with the compressed sensing technique for reconstructing the

sparse multi-band signal in lower than Nyquist rate [86].

For multi-coset sampling of the spatial domain received signal, the BS antennas

are divided into blocks of length L. Out of the L antennas of the first block, B ≤ L

antennas are chosen randomly with bi ∈ {0, 1, · · · , (L − 1)} indicating the index of

the ith chosen antenna. Each of these B antennas accompanying with the antennas

of the same index in the next blocks make a uniform sub-set of antennas located at

Ld distance from each other. The ith sub-sequence of the spatial domain samples

obtained at the ith antenna sub-set is defined as [88, 89],

xi[s, p] =

x(sd, p) s ∈ {nL+ bi}Ni−1
n=0

0 others

(4.8)

where depending on bi, the number of nonzero samples of the ith sub-sequence, Ni,

is limited to

bNBS

L
c ≤ Ni ≤ b

NBS

L
c+ 1. (4.9)

The following relationship exists between the discrete spatial Fourier transform

(DSFT) of the ith sub-sequence, x̂i
(
ej2πf

ad, p
)
, and the CSFT of the spatial domain

received signal, x̂(fa, p), over fa ∈ F0 = [− 1
2d
,− 1

2d
+ 1

Ld
) [90],

x̂i
(
ej2πf

ad, p
)

=
∞∑

s=−∞

xi[s, p]e
−j2πfasd

=
1

Ld

L−1∑
l=0

e
j2πbil

L x̂(fa +
l

Ld
, p). for i = 1, ..., B (4.10)
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It is clear from (4.10) that x̂i
(
ej2πf

ad, p
)

at each fa ∈ F0 contains the effect of x̂(fa, p)

at L equally spaced angular frequencies starting from fa and with distance 1
Ld

from

each other, i.e.,
{
fa + l

Ld

}L−1

l=0
. So, when fa changes over F0, x̂i

(
ej2πf

ad, p
)

will contain

the effect of x̂(fa, p) over its whole bandwidth, i.e., fa ∈ F , which offers the idea of

leveraging the information contained in DSFT of the B sub-sequences over F0 for

estimating x̂(fa, p) over F . To this end, we can rewrite (4.10) in a matrix-vector

form as

ŷ(fa, p) = Ax̂(fa, p) for fa ∈ F0 (4.11)

where ŷ(fa, p) contains the DSFT of the B sub-sequences at fa and x̂(fa, p) contains

the CSFT of the received signal at L corresponding frequencies as follows,

[ŷ(fa, p)]i = x̂i
(
ej2πf

ad, p
)

i = 1, 2, · · · , B

(4.12a)

[x̂(fa, p)]l = x̂(fa +
l − 1

Ld
, p) l = 1, 2, · · · , L

(4.12b)

[A]i,l =
1

Ld
exp

(
j2πbi(l − 1)

L

)
i = 1, 2, · · · , B and l = 1, 2, · · · , L.

(4.12c)

So, for recovering x̂(fa, p) over F one can solve (4.11) for estimating x̂(fa, p) for each

fa ∈ F0. We also define X̂(p) as a matrix containing the L × 1 vectors x̂(fa, p) for

fa ∈ F0 as its columns. Since F0 is a continuous interval, the number of columns of

X̂(p) tends to infinity. Based on the definition of x̂(fa, p) presented in (4.12b), it is

clear that the infinite column matrix X̂(p) is obtained by dividing x̂(fa, p) into the

intervals of length 1
Ld

and choosing each of the intervals as one of its rows. Fig. 4.1 (b)

shows a schematic diagram of the infinite column matrix X̂(p) for the corresponding

angular spectrum presented in Fig. 4.1 (a). It is obvious from Fig. 1(b) that each

column of X̂(p) and equivalently x̂(fa, p) for each fa ∈ F0 has a limited number of
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nonzero entries. So, x̂(fa, p) is a sparse vector which can be determined uniquely by

finding the sparsest solution of (4.11) if its sparsity level satisfies [91],

‖x̂(fa, p)‖0 ≤
φ(A)

2
. (4.13)

In this equation ‖x̂(fa, p)‖0 indicates the number of nonzero elements of x̂(fa, p),

and φ(A) ≤ B is the Kruskal rank of matrix A which takes its maximum value when

all the columns of A are linearly independent. The sampling pattern which leads to

φ(A) = B is called the universal sampling pattern. The multi-coset sampling pattern

of (4.8) would be universal if L is chosen as a prime number [92]. Following theorem

3 of [86] the sufficient conditions for satisfying (4.13) is obtained as follows.

Corollary 1 [86]: Assume a multi-band signal with bandwidth of [− 1
2d
, 1

2d
] and Lk

sub-bands each has a maximum bandwidth of β. If:

1) L ≤ 1/βd

2) B ≥ 2Lk

3) sampling pattern of (4.8) is universal,

then, for every fa ∈ F0, (4.13) is satisfied and (4.11) has a unique Lk-sparse solution.

Based on the above-mentioned conditions, for complete channel estimation, (4.11)

should be solved for each fa ∈ F0 and each sub-carrier using the CS recovery algo-

rithms which is highly computationally complex due to the continuity of F0 and high

number of sub-carriers. In the following we try to recover the continuous spectrum of

the channel by solving a finite dimensional problem, rather than solving the infinite

number of linear systems of (4.11), based on the ideas presented in [86] and the same

sparse structure of the sub-carriers. The presented formulations differs from those

of [86] in that we consider an extra dimension related to sub-carriers in our analysis

compared to the narrowband signal considered in [86].

We define a new matrix X̂p obtained by cascading the continuous matrices X̂(p)
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for p ∈ {1, 2, · · · , P} as follows,

X̂p =
[
X̂(1) X̂(2) · · · X̂(P )

]
(4.14)

since all sub-carriers have the same support set, the place of the nonzero rows of X̂p

also will be the same as that of X̂(p) for each p ∈ {1, 2, · · · , P}. Our aim is to find the

index set of the nonzero rows of the X̂p, shown by S, instead of finding the locations

of nonzero elements of x̂(fa, p) for each fa ∈ F0 and each p ∈ {1, 2, · · · , P}. Once

S is determined, x̂(fa, p) can be reconstructed for every fa ∈ F0 at all sub-carriers

simultaneously through a simple matrix inversion problem, by rewriting (4.11) as

follows,

Ŷ(fa) = ASX̂
S
(fa) for fa ∈ F0 (4.15)

where the P × |S| matrix AS is obtained by column restriction of A to S and the

B×P matrix Ŷ(fa) contains ŷ(fa, p) defined in (4.12a) as its pth column. X̂
S
(fa) is

a |S|×P matrix with x̂(fa, p) defined in (4.12b) as its pth column and row restriction

to S. Since the conditions of corollary 1 implies that |S| ≤ φ(A), AS would be a full

column rank matrix and the spectrum can be recovered at nonzero places from (4.15)

as follows,

X̂
S
(fa) = A†SŶ(fa) for fa ∈ F0 (4.16)

where A†S is the pseudo inverse of AS . Once the continuous angular spectrum is

recovered using (4.16), a simple peak detection algorithm can be used to extract

the AOA and the complex gain of each path and reconstruct the continuous spatial

domain channel from (4.1). According to (4.5) and as it is shown in Fig. 4.1(a),

sin(θl,k)/λ is equal to the frequency (location) of the lth peak and αl,ke
−j2πpfsτl,k/P

is obtained from the corresponding peak amplitude divided by (NBS − 1)d for each

sub-carrier. .
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For determining S, we first develop the following matrix relationship from (4.11)

which is the same as (4.15) without any column or row restrictions.

Ŷ(fa) = AX̂(fa) for fa ∈ F0 (4.17)

Multiplying both sides of (4.17) in their conjugate transpose and then integrating

each side over the F0 interval leads to the following matrix relationship,

Q = AZ0A
H (4.18)

where

Q =
P∑
p=1

 ∫
f=F0

ŷ(fa, p)ŷH(fa, p)dfa

 (4.19a)

Z0 =
P∑
p=1

 ∫
f=F0

x̂(fa, p)x̂H(fa, p)dfa

 (4.19b)

and using the simple matrix rules it can be easily verified that [93],

Z0 =
P∑
p=1

X̂(p)X̂(p)H = X̂P X̂
H

P (4.20)

which indicates that the index set of the nonzero rows of X̂p is the same as that of

Z0 and S can be determined by finding the location of nonzero rows of Z0 in (4.18).

Following proposition 2 and 3 of [86], the required conditions for unique recovery of

Z0 through an MMV problem are presented in Corollary 2 and 3.

Corollary 2 [86]: If Q ≥ 0 and A are B×B and B×L matrices, respectively and
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the L× L matrix Z satisfies

Q = AZAH (4.21a)

Z ≥ 0 (4.21b)

|SZ| ≤ φ(A) (4.21c)

then, rank(Z) = rank(Q). Moreover, there can be only a unique matrix Z satisfying

(4.21a) and (4.21b) and

|SZ| ≤ φ(A)/2 (4.22)

with |SZ| indicating the number of nonzero rows of Z.

Corollary 3 [86]: Suppose Z0 satisfies (4.21a), (4.21b) and (4.22) and Q can be

decomposed as Q = MMH such that M is a B×r matrix with r orthogonal columns

and r is the rank of Q. Then D0 is the unique sparsest solution of

M = AD (4.23)

and Z0 = D0D
H
0 .

So, based on corollary 3, the index set of nonzero rows of Z0 and D0 are the same.

Therefore, for obtaining S, we can decompose Q using singular value decomposition

to obtain M as [93],

M = UΣ1/2 (4.24)

where the r× r diagonal matrix Σ contains the nonzero singular values of Q and the

B×r matrix U contains its corresponding eigenvectors. Then, MMV recovering algo-

rithms can be used for finding the sparsest solution of (4.23), D0, and correspondingly

the index set S.
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For computing Q we can skip the continuous integration calculation in (4.19a)

and obtain the elements of Q using the spatial samples of sub-sequences based on the

following relationship,

[Q]i1,i2 =
P∑
p=1

+∞∫
−∞

(
x̂i1
(
ej2πf

ad, p
)
HLPS(fa)

) (
x̂i2
(
ej2πf

ad, p
)
HLPS(fa)

)∗
dfa(4.25)

=
P∑
p=1

+∞∑
s=−∞

(xi1[s, p] ~ hLPS[s]) (xi2[s, p] ~ hLPS[s])∗

where ~ indicates the convolution operation and HLPS and hLPS are the transfer func-

tion and impulse response of a low-pass filter with cut-off frequency of 1
Ld

, respectively.

HLPS is applied for changing the limitation of integration (4.19a) to infinity so that

the Parseval theorem can be used for deriving (4.25).

It should be also noted that based on the first condition of corollary 1 and con-

sidering Fig. 4.1 (b), each sub-band occupies at most two rows of X̂p which leads

to |S| ≤ 2Lk. So, considering the maximum value of |S| = 2Lk and the universal

sampling pattern (φ(A) = B), it can be derived from (4.22) that

B ≥ 4Lk (4.26)

which indicates the minimum number of subsets required for unique recovery of D0.

The sampling parameter L can be also approximated as

4Lk ≤ L ≤ NBS − 1

2
(4.27)

where the lower bound is obtained based on L ≥ B and (4.26) and the upper bound

is determined from the first condition of corollary 1 where the maximum bandwidth

β is approximated by its lower bound in (4.6).

Algorithm 2 summarizes the proposed multi-band MMV channel estimation scheme

discussed in this section. It is clear from (4.17)-(4.25) that the index set S is derived
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in a continuous frame work and without any discretization. The angular frequency

discretization only appears in (4.16) to obtain the angular spectrum with desired reso-

lution of 1/(LdNf ) where Nf is the number of discrete frequencies selected in F0. It is

clear that increasing the angular frequency resolution does not impose any restriction

on the sparsity level or the sampling requirements and can improve the peak detection

at the cost of more computational complexity in the base-band domain. However,

A†S in (4.16) is frequency independent and can be calculated just once which helps

saving computational resources when increasing the frequency resolution.

Algorithm 2 Proposed Channel Estimation

Input: NBS, d, Lk

Step 1: Choose the sampling parameters B,L from (4.26) and (4.27)

Step 2: Use multi-coset sampling pattern of (4.8) and Compute Q from (4.25)

Step 3: Use SVD of Q and define M as (4.24)

Step 4: Solve (4.23) through an MMV algorithm for the sparsest solution D0

Step 5: : Define S as the index set of nonzero rows of D0 and use (4.16) to recover

the angular spectrum

Step 6: Use a peak detection algorithm to extract the AOA and the complex gain of

each path based on (4.5).

4.3.3 Hybrid Receiver Design

The proposed channel estimator can be implemented using a hybrid architecture

which is known as the switching network architecture [94] and is shown in Fig. 4.2.

The RF combiner contains a network of low power switches which are used for antenna

sub-set selection based on the multi-coset sampling pattern of (4.8). The number of

required switches, Ns, depends on the total number of selected antennas (spatial

domain samples) which is controlled by the sampling parameters B and L. The

minimum possible number of switches, Nmin
s , is obtained when B and L have their

minimum and maximum possible values minimizing the number of sub-sequences and
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the number of samples in each sub-sequence, respectively. Using (4.26) and (4.27)

the lower bound and upper bound of Nmin
s can be defined as

8Lk ≤ Nmin
s ≤ 8Lk + (NBS)mod(L) (4.28)

where the second term in the upper bound is for the case of NBS not being a multiple

of L and the possible choice of the first (NBS)mod(L) antennas of each block in the

multi-coset sampling pattern. The signals of the selected antennas are then down

converted using NRF = Ns RF chains and passed through the serial to parallel and

FFT blocks to estimate the channel of each sub-carrier using the base-band channel

estimator proposed in Algorithm 2.

Base on the analysis presented in [94] and [95], the proposed hybrid deign is

optimum in terms of RF power consumption compared to the other possible RF

architectures which may use phase shifter and/or switches with or without analog

combining. The RF power consumed by the proposed hybrid combining architecture

can be calculated as [94],

P = NRF (PLNA + PSW ) +NRF (PRFC + PADC) (4.29)

where PLNA, PSW , PRFC and PADC indicate the power consumed by a single low noise

amplifier (LNA), switch, RF chain (RFC) and analog to digital converter, respectively.

4.4 Simulation Results

In this section we present the simulation results for evaluating the performance of

the proposed MB-MMV mmWave channel estimator for different system parameters.

The simulation parameters are chosen as follows or will be indicated otherwise. For

the multi-path channel model of (4.1), we consider Rician fading with Kfactor = 20 dB

and the complex path gains αl,k following mutually independent zero-mean complex

Gaussian distribution and θl,k being uniformly distributed over [0, 2π]. The carrier



70

frequency fc = 30 GHz, the sampling frequency fs = 0.25 GHz, the maximum delay

spread τmax = 100 ns, LCP = τmaxfs = 25, P = 32, Ku = 4, Lk = 4, NBS = 128

and d = λ/2 [81]. For channel training, one OFDM symbol with P = 32 pilot

sub-carriers is sent from each user while other users are silent leading to the total

training duration of Ku times the OFDM symbol duration and the total pilot load

of KuP sub-carriers. For solving the MMV problem in Step 4 of algorithm 1, we use

the regularized M-FOCUSS algorithm which finds the sparse solution of (4.23) by

minimizing the following cost function via an iterative algorithm [96],

C(D) = ‖AD−M‖2
F + γJρ,2(D) (4.30)

Where ‖.‖2
F is the Frobenius norm controlling the quality of fit in the presence of

additive noise, and Jρ,2 is the diversity measure, controlling the sparsity of the solution

which is defined as,

Jρ,2(D) =
L∑
l=1

(
r∑

k=1

|[D]l,k|2
)ρ/2

(4.31)

in which ρ is chosen in the [0, 1] interval guaranteeing the sparsity of the answer and

the value of γ determines whether the emphasis is on the sparsity or the quality of

fit. More details can be found in [96].

To use the minimum possible number of switches Nmin
s (correspondingly the min-

imum possible number of RF chains Nmin
RF ), the sampling parameters are chosen as

B = 16 and L = 61 based on (4.26) and (4.27) which according to (4.28) result in

32 ≤ Nmin
s (Nmin

RF ) ≤ 38. The number of discrete frequencis in F0 is set to be Nf = 40

leading to the angular frequency resolution of 1/(NfLd) ≈ 0.08. Fig. 4.3 presents the

normalized mean square error (NMSE) of the proposed MB-MMV channel estimator

versus SNR obtained from averaging 1000 channel realizations with the average num-

ber of used RF chains/switches equals to Navg
RF = Navg

s = d33.5737e = 34. To evaluate

the results and using the same pilot pattern, we also adopt the distributed grid match-
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ing pursuit (DGMP) algorithm proposed recently in [81] for sparse frequency selective

fading channel estimation at mmWave frequencies. The DGMP algorithm considers

an adaptive dictionary selection scheme starting with the coarse angular resolution of

1/(NBSd) and followed by J = 19 times local angular resolution increase leading to

the final angular resolution of 1/(NBSJd) ≈ 0.08 which is the same as the proposed

scheme. The DGMP algorithm uses a random CS-based hybrid architecture in which

random phase matrices are considered for RF and base-band combiner design. In the

DGMP algorithm the number of RF chains equals the combiner size which is chosen

as NRF = 34 and for each user the dominant path is estimated iteratively. It is clear

from Fig. 4.3 that for very low SNRs the DGMP algorithm outperforms the proposed

MB-MMV algorithm since for each user it only estimates the LOS while the proposed

scheme considers the estimation of all paths. As the Kfactor is large the NLOS paths

would have very small power compared to the LOS and are more probable to be es-

timated wrongly at very low SNRs which can lead to bigger NMSE for the proposed

scheme compared to neglecting the effect of the NLOS paths which is considered in

DGMP. As the SNR increases, the performance of the proposed scheme gets better

than the DGMP algorithm. In Fig. 4.3, we also present the simulation results for

the modified-DGMP algorithm in which the same iterative algorithm as the DGMP

algorithm is applied for estimating the NLOS paths as well. While at higher SNRs

the performance of the modified-DGMP is better than the DGMP and approaches

that of the proposed MB-MMV scheme, it degrades in lower SNRs indicating the

weakness of the DGMP algorithm for estimating the NLOS paths at lower SNRs.
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Figure 4.3: Comparison of the NMSE at different SNRs for different channel estima-
tors

Figure 4.4: Downlink spectral efficiency comparison at different SNRs using the chan-
nel information from different estimators

Using the hybrid precoding scheme proposed in [97], Fig. 4.4 evaluates the down-

link spectral efficiency performance of the MB-MMV channel estimator versus SNR
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for the chosen parameters of Fig. 4.3. The pilot SNR for channel estimation is set to

be the same as the SNR for spectral efficiency calculation and the case of perfect chan-

nel state information (CSI) at the BS, the DGMP and modified-DGMP algorithms

are also presented for comparison. It is clear from Fig. 4.4 that the performance of

both the proposed MB-MMV and the modified-DGMP algorithm are close to that of

perfect CSI specially for low to moderate SNRs. Moreover, the results are consistent

with Fig. 4.3 indicating the better performance of the proposed scheme compared to

the DGMP algorithm for SNR > 0 dB.

In Fig. 4.5 and Fig. 4.6 the performance of different channel estimators are

evaluated for different number of RF chains and different SNRs. The minimum re-

quired number of RF chains for achieving the floor NMSE/ceiling spectral efficiency

is smaller for the DGMP and modified-DGMP algorithms compared to the proposed

MB-MMV approach; however, the performance of the proposed scheme is better than

the DGMP and modified-DGMP algorithms at least for SNR > 0 dB and the number

of RF chains satisfying the minimum sampling requirements according to (4.28). For

example, at SNR = 30 dB and for 34 RF chains, the proposed MB-MMV scheme

outperforms the DGMP and modified-DGMP in terms of the NMSE by 9 dB and 0.7

dB and in terms of spectral efficiency by 7 bps/Hz and 1.5 bps/Hz, respectively.

Fig. 4.7 and Fig. 4.8 also compare the results at SNR=15 dB for different Kfactors

and different number of RF chains. It is clear that the performance of all estimators

degrades as the Kfactor decreases. Moreover, for different Kfactors the performance of

the MMV-MB algorithm is better than the DGMP and modified-DGMP algorithms

for the number of RF chains set to be sufficiently high.
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Figure 4.5: Comparison of the NMSE for different channel estimators using different
number of RF chains and at different SNRs

Figure 4.6: Downlink spectral efficiency comparison of different channel estimators
using different number of RF chains and at different SNRs
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Figure 4.7: Comparison of the NMSE for different channel estimators at SNR=15 dB
using different number of RF chains and for different Kfactors

Figure 4.8: Downlink spectral efficiency comparison of different channel estimators
at SNR=15 dB using different number of RF chains and for different Kfactors

From the RF power consumption point of view, as in the DGMP algorithm a
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random phase matrix is considered as the combiner matrix, the RF circuit can be

implemented using a phase shifting network and based on the analysis presented in

[94] the amount of RF power consumption for the DGMP/modified-DGMP algorithm

can be calculated as,

P = NBS(NRF + 1)PLNA +NBSNRFPPS +NRF (PRFC + PADC) (4.32)

where PPS is the power consumed by a single phase shifter. Considering Pref =

20 mW and PLNA = Pref , PADC = 10Pref , PRFC = 2Pref , PPS = 1.5Pref , PSW =

0.25Pref , Fig. 4.9 compares the amount of RF power consumption for the MB-MMV,

DGMP and modified-DGMP algorithms for different number of RF chains. The

curves in Fig. 4.9 show that the proposed MB-MMV algorithm achieves an order of

magnitude power saving than DGMP and modified-DGMP algorithms.

Figure 4.9: RF power consumption for different number of RF chains

For comparing the computational load of the proposed MB-MMV channel estima-

tor with the DGMP and modified-DGMP algorithms, the computational complexity

is computed in terms of the number of complex multiplications for each of the al-
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gorithms. Considering NMMV as the average number of iterations required by the

MMV algorithm for converging to the unique sparsest solution of (4.23), the total

computational complexity of the proposed MB-MMV approach, for recovering the

angular spectrum of one user, can be approximated as CMB−MMV ≈ NMMV (B3 +

B2L+B(2L2 +2LLk)+6LLk)+B3 +B2 +B(3(bNBS
L
c+1)2 +2NfLk)P+16LL2

k+8L3
k.

Similarly, the computational complexity of the modified-DGMP algorithm per each

user is calculated as CM−DGMP ≈ NM−DGMPNRFPLkKu(N
2
BS +(2J+1)NBS +4J)+

NM−DGMPPLk(NBS+2J)+PKuNBS(KuNRF +1) with NM−DGMP being the average

number of required iterations for estimating the AOA of each path in the modified-

DGMP algorithm. The complexity of the DGMP algorithm can be approximated

from CM−DGMP by replacing Lk by one and NM−DGMP by the number of iterations

required for estimating the AOA of the LOS component of each user. Fig. 4.10 com-

pares the computational complexity of different algorithms for different number of

RF chains. The number of iterations for each algorithm and each choice of number

of RF chains is obtained by averaging over 1000 channel realizations and different

ranges of SNRs. It is clear that the proposed MB-MMV channel estimator has orders

of magnitude lower computational complexity than the DGMP and modified-DGMP

algorithms. The slight complexity reduction of the proposed MB-MMV algorithm at

high number of RF chains is the result of better convergence rate of the MMV algo-

rithm when the number of RF chains increases beyond the minimum requirement.
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Figure 4.10: Base-band computational complexity for different number of RF chains

4.5 Conclusion

In this chapter, we have proposed a CS-based channel estimator for the mmWave

MIMO-OFDM system with a switch-based low power hybrid combiner. A multi-band

structure is considered for the continuous angular channel and the angular support

is recovered without the need for any discretization by solving a finite dimensional

MMV problem in which the same sparsity structure of all sub-carriers is considered

to further reduce the computational complexity of the problem. The proposed MB-

MMV channel estimator combats the inherent limited angular resolution and power

leakage problem of the existing CS based channel estimators which treat the channel in

a discrete framework with quantized angle grids. The minimum number of required

RF chains for unique recovery of the channel has been determined based on the

number of channel’s multipath components and the simulation results confirms the

effectiveness of the proposed scheme in terms of the estimation accuracy, RF power

consumption and the base-band computational complexity.
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Chapter 5

Conclusion and Future Research

Issues

5.1 Conclusion

In this dissertation, we have investigated the low dimensional channel estimation and

channel prediction for fast time varying channels and the hybrid channel estimation

for mm-wave communication systems. The conclusions are drawn as follows:

• Reduced Rank MIMO-OFDM Channel Estimation for High Speed Rail-

way Communication using 4D Generalized DPS Sequences

Considering a regular shape geometry-based stochastic channel model, we have

exploited the correlation of the MIMO-OFDM HSR channel in time, frequency

and spatial domain for representing it based on a 4D basis expansion model which

is spanned by limited number of time-concentrated and band limited GDPS se-

quences. Using the low-dimensional basis expansion channel model, the high di-

mensional channel estimation problem is converted to the estimation of limited

number of basis coefficients which reduces the required pilot overhead. A reduced

rank LMMSE estimator has been derived for estimating the basis coefficients with-

out requiring any information about the channel’s correlation matrix. The proposed
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channel estimator has better performance than the conventional interpolation based

LS channel estimation scheme and has lower complexity compared to a full rank

LMMSE estimator. The proposed channel estimator has also robust performance

for different delay and Doppler spreads based on the simulation results obtained for

the train cutting scenario and the non-stationary RS-GBSM propagation channel

model. Moreover, it has been shown that for the same pilot overhead, the bigger

AOD spread and transmitter antenna array size result in degraded performance

of the proposed channel estimator while increasing the AOA spread and the re-

ceiver antenna array size can improve the estimation error due to using more basis

functions for spanning the spatial domain channel at the receiver side.

• MIMO Channel Prediction for Fast Time-Variant Flat Fading Channels

based on DPS Sequences

We have developed a new sub-frame wise channel tracking scheme for the fast time

variant channels which considers the transmitted frame to be segmented into several

sub-frames and exploits the variation of the channel inside each sub-frame using a

low-dimensional DPS basis expansion model and applies a Q-order AR model for

tracking the variation of the basis coefficients through the whole frame. The error

contribution from the DPS basis expansion modelling of the channel coefficients

and the AR tracking of the basis coefficients have been investigated and it is shown

that for the stationary channels the DPS reconstruction error is independent of the

subframe index. The simulation results, presented for the Jakes’s fading channel

model, demonstrate the smaller error contribution from the DPS modelling of the

channel coefficients compared to the AR prediction error of the basis coefficients.

Moreover, it has been shown that the less dominant basis have smaller AR pre-

diction error since they have less contribution in channel modelling. An algorithm

for obtaining the optimal sub-frame length, the optimal number of basis and the

optimal order of the AR model has also been proposed through minimizing the

prediction error of the whole frame. As it is expected, the simulation results have
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shown that by increasing the maximum normalized Doppler frequency the optimal

subframe length decreases and more basis are required per each subframe. Finally,

the relative amount of feedback load reduction which can be achieved by the ap-

plication of the proposed channel tracking scheme for the reduced feedback load

and feedback delay precoder design in time-varying systems has been calculated for

different MIMO sizes. The simulation results also validate the better performance

of the proposed channel prediction scheme compared to the previous minimum en-

ergy DPS based channel predictor for all ranges of Doppler frequencies and the

out-performance of the proposed channel predictor compared to the conventional

AR tracking scheme for low to moderate Doppler frequencies and almost the same

performance as it for high Doppler frequencies but with lower amount of computa-

tional complexity.

• Hybrid mm-Wave MIMO-OFDM Channel Estimation Based on the Multi-

Band Sparse Structure of Channel

Considering the sparse structure of the mm-wave channel in the angular domain, we

have developed a new power efficient channel estimation scheme for the mm-wave

MIMO-OFDM systems which is implemented using a hybrid architecture. The

continuous angular channel has been modelled as a sparse multi-band signal with

the number of sub-bands being equal to the number of multi-path components and

the bandwidth of each sub-band being proportional to the amount of power leakage

caused by the limited antenna array length. A multi-coset sampling pattern has

been used for antenna sub-set selection and the sampling parameters have been

derived based on the required conditions for the unique recovery of the continuous

angular channel from the limited number of spatial domain samples. The sparse

channel recovery has been formulated within the CS framework by exploiting the

same sparsity structure of all sub-carriers and applying the MMV recovery tech-

niques. A hybrid architecture has been presented for implementing the proposed

channel estimator using low power switches and the minimum number of required
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RF chains has been obtained based on the chosen sampling parameters. Simula-

tion results have shown that for the number of RF chains satisfying its minimum

requirement, the proposed channel estimation scheme offers better performance

both in terms of NMSE and the spectral efficiency in comparison to the DGMP

and modified-DGMP algorithms at least for SNR ≥ 0 dB. For the case of non-

sufficient number of RF chains the DGMP and modified DGMP may have better

performance than the proposed scheme at the cost of more RF power consumption.

5.2 Future Research Issues

There are several open issues for further research related to the topics in the disser-

tation.

• The narrowband MIMO precoding techniques proposed in [98, 34, 35] can be ex-

tended to MIMO-OFDM by treating the OFDM sub-carriers as a set of parallel

narrowband MIMO channels [99]. However, applying the narrowband precoding

techniques directly to MIMO-OFDM systems will result in increased data rate

in the feedback channel, and the system will become prohibitively costly as the

number of subcarriers increases. This has motivated further research to investi-

gate low-rate feedback schemes for MIMO-OFDM systems. Vector quantization

and smart interpolation has been proposed, for example in [99, 100], where the

receiver sends back only the precoder matrices of a subset of the subcarriers. At

the transmitter, the precoders for all other subcarriers are computed using smart

interpolation. Clustering based limited feedback techniques were proposed in [101]

and [102], where the subcarriers are divided into clusters and one precoder ma-

trix is used for each cluster. A reduced feedback algorithm based on the fact that

highly correlated channels have highly correlated feedback values is proposed in

[103]. However, these existing methods require sophisticated quantization schemes

to minimize information loss. QR decomposition (QRD)-based precoded MIMO-

OFDM systems with reduced feedback rates are also proposed in [104] to convert
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the MIMO-OFDM channel into layered subchannels and employ the same precoder

for all carriers. Hence, as a part of our future work, we could study the statistical

properties of the eigen-vectors of random matrices for exploiting the correlation be-

tween the eigen-vectors of the channel matrix at different sub-carriers and propose

a reduced feedback rate precoder for MIMO-OFDM system. To our best knowl-

edge none of the previous works on MIMO-OFDM precoder design has studied the

relationship between the correlation function of the channel coefficients and the

correlation function of the eigen-vectors of the channel matrix.

• As discussed in Chapter 3, channel prediction allows for proper tracking of the

precoder matrix in time-variant channels. Recently, the channel prediction has

been extended to MIMO-OFDM cases. A simplified adaptive channel prediction

scheme is proposed in [105], which assumes a WSSUS Rayleigh fading channel for

each antenna pair with no spatial correlation among the antennas. Due to the

uncorrelated scattering property, different channel taps are independent and only

temporal correlation is used for predicting each tap in time domain. Similarly,

the prediction methods in [106] and [107] treat every subcarrier of MIMO-OFDM

as a narrowband SISO channel, which only consider the temporal correlation for

predicting flat-fading channels in frequency domain. These approaches do not ex-

ploit the spatial correlation which exists in reality. For example, insufficient spac-

ing between antennas in deployment may bring in inevitable spatial correlation

[108]. The spatial correlation can be utilized to improve the performance of chan-

nel prediction as indicated in [109]. More recently, [48] developed a MIMO-OFDM

prediction framework with improved performance which exploits both the tempo-

ral and spatial correlations. The MIMO-OFDM prediction schemes proposed in

[105, 106, 107, 108, 109, 110] are based on AR model for which the complexity

increases if signals from other antennas are used to improve the channel predic-

tion. We could extend the proposed low complexity DPS-AR channel predictor to

the MIMO-OFDM case through using multi-dimensional DPS basis for exploiting
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the time, frequency and spatial correlations and improving the channel predic-

tion performance. Morover, we could propose a reduced rank precoder predictor

that directly predicts the precoder matrix based on the statistical properties of the

eigen-vectors of the channel matrix.

• The proposed mm-wave channel estimator in Chapter 4, assumes single-antenna

users. However, the deployment of multi-antennas per device is highly realistic

particularly for systems operating at mm-wave frequencies due to the small size of

antennas. Applying multi antennas per each user can improve the channel estima-

tion performance specially if proper precoding scheme is used at each user. Similar

to the combiner design, some of the previous work consider the hybrid precoder de-

sign by exploiting the sparsity of the mm-wave channel and applying random phase

matrices for the implementation of the RF precoder matrix [81], [72]. The high RF

power consumption of the phase shifters which are required for implementing the

random phase matrices motivates the switch based hybrid precoder design. There-

fore, we could exploit the multi-band structure of the angular mm-wave channel

for proposing a low power hybrid precoder scheme.
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