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Abstract

In recent years, multiple-input multiple-output (MIMO) systems appear
to be very promising since they can provide high data rates in environ-
ments with sufficient scattering by exploiting the spatial domain. To
design a real MIMO wireless system and predict its performance under
certain circumstances, it is necessary to have accurate MIMO wireless
channel models for different scenarios. This thesis presents different mod-
els for indoor MIMO radio propagation channels based on 5.2 GHz indoor
MIMO channel measurements.

The recent research on MIMO radio channel modeling is briefly re-
viewed in this thesis. The models are categorized into non-physical and
physical models. The non-physical models primarily rely on the statisti-
cal characteristics of MIMO channels obtained from the measured data
while the physical models describe the MIMO channel (or its distribu-
tion) via some physical parameters. The relationships between different
models are also discussed.

For the narrowband case, a non line-of-sight (NLOS) indoor MIMO
channel model is presented. The model is based on a Kronecker structure
of the channel covariance matrix and the fact that the channel is complex
Gaussian. It is extended to the line-of-sight (LOS) scenario by estimating
and modeling the dominant component separately.

As for the wideband case, two NLOS MIMO channel models are pro-
posed. The first model uses the power delay profile and the Kronecker
structure of the second order moments of each channel tap to model
the wideband MIMO channel while the second model combines a simple
single-input single-output (SISO) model with the same Kronecker struc-
ture of the second order moments.

Monte-Carlo simulations are used to generate indoor MIMO channel
realizations according to the above models. The results are compared
with the measured data and good agreement has been observed.
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Chapter 1

Introduction

1.1 Background

The increasing demand for high data rates and the limited available band-
width motivates the investigation of wireless systems that efficiently ex-
ploit the spatial domain. Due to cost, size, and complexity limitations
at the terminal, antenna arrays are usually considered only at the base
stations (access points) to spatially discriminate the desired signal from
interference and noise. The use of spatial diversity both on reception as
well as transmission can improve throughput and coverage in addition
to allowing a higher degree of spectral reuse and thereby increasing the
system capacity.

As recently reported in [FG98, Tel99], channel capacity can be greatly
increased by using antenna arrays at both the transmitter and receiver,
so-called multiple-input multiple-output (MIMO) systems, as long as the
environment provides sufficient scattering. Conceptually, a MIMO chan-
nel can be seen as parallel spatial sub-channels which allows the transmis-
sion of parallel symbol streams. Therefore, the MIMO channel capacity
can potentially increase linearly with the number of spatial sub-channels
(minimum of the number of receive or transmit antenna elements). This
has been demonstrated in [Fos96], where an architecture, called Bell Labs
Layered Space-Time (BLAST), was proposed along with a coding and
decoding scheme. Some field measurements investigating MIMO chan-
nel capacity have recently been reported in [SKO00, MWS00, KMJA00,
MBFK00, WJ01a, MST+02, KCVW02, ESBP02]. Several of the reported
results are encouraging in that the scattering has been sufficiently rich to
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provide capacities close to the ideal situation.

Several techniques have been proposed to utilize the spatial diversity
of MIMO communication channels. These techniques can be divided
into two groups, i.e. space-time coding and spatial multiplexing. The
space-time coding, in general, assumes no knowledge on the propagation
channel at the transmitter. At the receiver, the structure of space-time
codes is exploited to correct the errors. Examples on space-time block
coding can be found in [Ala98, TJC99] and in [TSC98], the space-time
trellis codes have been discussed. In [JS00, JS01], the space-time block
codes have been improved by using imperfect channel information at the
transmitter. The spatial multiplexing, on the other hand, attempts to
utilize parallel spatial sub-channels by exploiting channel information at
the receiver. it is well known [RC98, Tel99] that when the transmitter
has full knowledge about the channel, by using waterfilling technology
[CT91], maximum channel capacity can be achieved.

The propagation conditions determine the channel capacity that can
be expected for a MIMO system. It is of great interest to characterize and
model the MIMO radio channel for different conditions in order to predict,
simulate, and design high performance communication systems. Among
other advantages, the simulation of MIMO propagation channel can assist
in the choice of efficient modulation schemes under different scenarios and
system performance can be accurately predicted. Much work has been
reported regarding single-input single-output (SISO) channel modeling
area. Models on SISO channel were reported in [Bel63, Cla68, Jak74].
More specifically, indoor radio channel models were presented in [SV87,
RST91, GP91, HP92, Has93, PL95, MAS+98] while examples of outdoor
channel models can be found in [Suz77, IK93]. The single-input multiple-
output (SIMO) and multiple-input single-output (MISO) channels have
also been studied and different models were proposed. A good overview
of different spatial channel models can be found in [ECS+98]. However,
extending these models to the MIMO case is not straightforward, since
the spatial characteristics must now be considered at both ends either
directly or indirectly.

1.2 Data Model

Fig. 1.1 shows a MIMO system with M transmit elements and N receive
elements. For the above MIMO propagation channel, the baseband input-
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M−element transmitter
MIMO channel

N−element receiver

Figure 1.1: Illustration of a MIMO system, the transmitter has M
antenna elements and the receiver has N antenna elements

output relationship can be expressed as

y(τ) = H(τ) ∗ s(τ) + n(τ), (1.1)

where H(τ) is the channel impulse response matrix, s(τ) is the transmit-
ted signal, y(τ) is the received signal, n(τ) is additive white Gaussian
noise (AWGN) and ‘*’ denotes convolution.

If the signal bandwidth is sufficiently narrow so that the channel can
be treated as approximately constant over frequency (frequency flat chan-
nel), the corresponding input-output relationship simplifies to

y = Hs + n, (1.2)

where H is an N by M narrowband MIMO channel matrix.

In many cases (e.g. [FG98]), the elements of narrowband MIMO
channel matrix are assumed to be independent and identically distributed
(IID) when studying the MIMO channel capacity. In reality, however, due
to insufficient spacing between antenna elements and limited scattering
in the environment, the fading is not always independent causing a lower
MIMO channel capacity compared to the ideal, IID case. Therefore the
proposed MIMO channel models should take this effect into account.
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1.3 Contributions and Outline

This thesis gives an brief overview of the recent development in modeling
of MIMO radio propagation channels. The relationship between different
MIMO channel models are discussed. Models based on the Kronecker
structure of MIMO channel covariance matrix are described in detail
and verified from the data collected in a 5.2 GHz indoor MIMO channel
measurement campaign conducted by the University of Bristol. Finally,
this thesis gives some suggestions for future research.

Chapter 2

This chapter reviews some recently published research on MIMO channel
modeling. First, we categorize these models into two main groups, i.e.
non-physically and physically based models. The non-physical models are
derived from the statistical characteristics of the MIMO channels, while
the physical models use some important physical parameters to provide
a reasonable description of the MIMO channel characteristics and the
surrounding scattering environment. The MIMO channel models will be
reviewed based on this classification in the chapter. Some of the MIMO
channel models are discussed in detail while the rest are touched upon
briefly. We also study and discuss the relationships between different
MIMO channel models.

Part of this chapter has been published in

Kai Yu and Björn Ottersten. “Modeling of MIMO propagation
channels, A Review”, to appear in special issue on Adaptive Anten-
nas and MIMO Systems, Wiley Journal on Wireless Communica-
tions and Mobile Computing.

Chapter 3

In this chapter, the narrowband channel characteristics of MIMO indoor
channels measured at 5.2 GHz are studied. The investigation shows that
the envelope of the channel coefficients for non-line-of-sight (NLOS) in-
door situations are approximately Rayleigh distributed and consequently
we focus on a statistical description of the first and second order mo-
ments of the narrowband MIMO channel. Furthermore, it is shown that
for NLOS indoor scenarios, the MIMO channel covariance matrix can
be well approximated by a Kronecker product of the covariance matrices
describing the correlation at the transmitter and receiver respectively. A
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statistical narrowband model for NLOS indoor MIMO channels based on
this covariance structure is presented.

Part of this chapter has been published in

Kai Yu, Mats Bengtsson, Björn Ottersten, Peter Karlsson, Darren
McNamara and Mark Beach. “Measurement Analysis of NLOS
Indoor MIMO Channels”, in Proceedings IST (Information Society
Technology) Mobile Communications Summit, ’01, pages 277–282,
Barcelona, Spain, September 9–12, 2001.

Kai Yu, Mats Bengtsson, Björn Ottersten, Darren McNamara, Pe-
ter Karlsson and Mark Beach. “Second Order Statistics of NLOS
Indoor MIMO Channels based on 5.2 GHz Measurements”, in Pro-
ceedings IEEE Global Telecommunications Conference, vol. 1, pp.
156–160, San Antonio, Texas, US, November 25–29, 2001.

and similar results have been submitted as (see Appendix A)

Rickard Stridh, Kai Yu(†), Björn Ottersten and Peter Karlsson.
“MIMO Channel Capacity and Modeling Issues on a Measured In-
door Radio Channel at 5.8 GHz”, submitted to IEEE Transactions
on Wireless Communications in November 2001, revised in July
2002.

(†) Contributed to the MIMO channel modeling part

Chapter 4

This chapter presents a line-of-sight (LOS) MIMO channel model based
on the same measurements as above. The signal from the dominant
direction is estimated and removed from the channel data. The residual
part is shown to be Rayleigh distributed and its covariance matrix can be
well approximated by the Kronecker product of the covariance matrices
seen from the transmitter and receiver respectively. Therefore the whole
narrowband LOS indoor MIMO channel is modeled as a static rank one
matrix plus a statistical model based on Rayleigh distribution with a
multiplicative covariance structure.

Part of this chapter has been published in

Kai Yu, Mats Bengtsson, Björn Ottersten and Mark Beach. “Nar-
rowband MIMO Channel Modeling for LOS Indoor Scenarios”, in
Proceedings XXVIIth Triennial General Assembly of the Interna-
tional Union of Radio Science (URSI), Maastricht, the Nether-
lands, August 17–24, 2002, invited paper.
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Chapter 5

Here, we present two wideband models for NLOS indoor scenarios based
on the same sets of data measured in Bristol. The first model is used
to simulate 20 MHz HIgh PERformance Local Area Network/2 (Hiper-
LAN/2) MIMO channels. It is based on the power delay profile and
the Kronecker structure of channel covariance matrices for each channel
tap. The second model is a combination of the COST 259 SISO model
[MAS+98] and the Kronecker structure of channel covariance matrices.
It is used to simulate a MIMO channel with 120 MHz bandwidth and
the frequency diversity between different 20 MHz HiperLAN/2 channels
is also studied.

Part of this chapter has been published in

Kai Yu, Mats Bengtsson, Björn Ottersten, Darren McNamara, Pe-
ter Karlsson and Mark Beach. “A Wideband Statistical Model for
NLOS Indoor MIMO Channels”, in Proceedings IEEE Vehicular
Technology Conference, Spring ’02, vol. 1, pp. 370–374, Birming-
ham, Alabama, US, May 6–10, 2002.

Kai Yu, Mats Bengtsson, Björn Ottersten, Darren McNamara, Pe-
ter Karlsson and Mark Beach. “A 20 MHz HiperLAN/2 MIMO
Channel Model in NLOS Indoor Scenarios”, in Proceedings Konfer-
ensen RadioVetenskap och Kommunikation ’02 (Radio Science and
Communications Conference), pp. 311–315, Stockholm, Sweden,
June 10–13, 2002.

Chapter 6

This chapter summarizes the thesis and gives some concluding remarks.
Some suggestions for future research are also included.

1.4 Notation

Throughout the thesis, the following notations will be used.

a : lowercase boldface letters denote vector valued variables.

A : uppercase boldface letters denote matrix valued variables.

j : j =
√
−1.
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(·)H : the complex conjugate (Hermitian) transpose.

(·)T : the transpose.

(·)c : the complex conjugate.

(̂·) : the estimated value.

E(·) : the expected value of a random variable.

CN (µ, σ) : complex Gaussian distribution with mean µ and variance σ.

δ(·) : the Dirac delta function.

Tr(·) : the trace operator.

I, IN : the identity matrix (of size N).

‖·‖F : the Frobenius norm.

X(i,j), Xij : the (i, j)th element of X.

diag(x1, . . . ,xn) : a square matrix with the indicated elements on its
main diagonal and zeros elsewhere.

arg minx f(x) : the argument that minimizes the function f(x).

(·)† : the Moore-Penrose pseudo inverse, X† = (X∗X)−1X∗ if X is full
rank.

PX : the projection onto the column space of X, PX = XX†.

P⊥
X : the perpendicular projection onto the column space of X, P⊥

X =
I− PX.

vec [·] : the vec-operator, vec[X] = [xT
1 . . .x

T
n ]T if X = [x1 . . .xn].

X ⊗Y : the Kronecker product, X ⊗Y =







X11Y · · · X1nY
...

. . .
...

Xm1Y · · · XmnY






.
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1.5 Abbreviations

Abbreviations will be defined at their first occurrence in this thesis. For
convenience, these abbreviations are listed below.

• AOA: Angle of Arrival

• AOD: Angle of Departure

• AWGN: Additive White Gaussian Noise

• BLAST: Bell Labs Layered Space-Time architecture

• BS: Base Station

• CDF: Cumulative Density Function

• COST: European COoperation in the field of Scientific and Tech-
nical research

• DDCIR: Double Directional Channel Impulse Response

• DML: Deterministic Maximum Likelihood

• EU: European Union

• GP: Global Parameter

• HiperLAN: HIgh PERformance Local Area Network

• IID: Independent and Identically Distributed

• ISI: Inter-Symbol Interference

• IST: Information Society Technology

• LOS: Line-of-Sight

• LP: Local Parameter

• METRA: Multi Element Transmit Receive Antennas

• MIMO: Multiple-Input Multiple-Output

• MISO: Multiple-Input Single-Output

• MS: Mobile Station
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• NLOS: Non Line-of-Sight

• OFDM: Orthogonal Frequency Division Multiplexing

• OLOS: Obstructed Line-of-Sight

• PCC: Personal Computing and Communications

• PDF: Probability Density Function

• PDS: Power Delay Spectrum

• PN: Pseudo-random Noise

• RMS: Root Mean Square

• SATURN: Smart Antenna Technology in Universal bRoadband wire-
less Networks

• SIMO: Single-Input Multiple-Output

• SISO: Single-Input Single-Output

• SNR: Signal to Noise Ratio

• SVD: Singular Value Decomposition

• TOA: Time of Arrival

• ULA: Uniform Linear Array

• WiSE: Wireless System Engineering

• WLAN: Wireless Local Area Network

• 3GPP: 3rd Generation Partnership Project





Chapter 2

A Review of MIMO

Channel Models

2.1 Background

The modeling of the channel impulse response matrix H(τ) (for the wide-
band system) or channel matrix H (for the narrowband system) is critical
for the simulation of the MIMO communication systems and has attracted
much interest recently. Several works have been reported in this area and
the proposed models can be classified in different ways.

• Wideband Models vs. Narrowband Models: the MIMO channel
models can be divided into wideband models and narrowband mod-
els directly by considering the bandwidth of the system. The wide-
band models treat the propagation channel as frequency selective,
which means that different frequency sub-bands have different chan-
nel response. On the other hand, the narrowband models assume
that the channel has frequency non-selective fading and therefore
the channel has the same response over the entire system band-
width. Wideband MIMO channel models can be found in [KSMP00,
PAKM00, YBO+02b, YBO+02a, SJBF00, Mol02, Sva01b] while
[SFGK00, GBGP00, YBO+01a, YBO+01b, YBOB02, AK01, AK02,
WJ01b, Say01, KSP+02] treat narrowband models.

• Field Measurements vs. Scatterer Models: to model the MIMO
channel, one approach is to measure real MIMO channel responses
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through field measurements. Some important characteristics of
the MIMO channel can be extracted from recorded data and the
MIMO channel can be modeled to have similar characteristics.
Models based on MIMO channel measurements were reported in
[KSMP00, KSP+02, YBO+02b, YBO+02a, YBO+01a, YBO+01b,
YBOB02, WJ01b]. An alternative approach is to postulate a model
(usually involving distributed scatterers) that attempts to capture
the channel characteristics. Such a model can often illustrate the
essential characteristics of the MIMO channel as long as the con-
structed scattering environment is reasonable. Examples of the
scatterer models can be found in [SFGK00, GBGP00].

• Non-physical Models vs. Physical Models: the MIMO channel mod-
els can be divided into the non-physical and physical models. The
non-physical models are based on the channel statistical character-
istics using non-physical parameters. In general, the non-physical
models are easy to simulate and provide accurate channel charac-
terization for the situations under which they were identified. On
the other hand they give limited insight to the propagation char-
acteristics of the MIMO channels and depend on the measurement
equipment, e.g. the bandwidth, the configuration and aperture of
the arrays, the heights and response of transmit and receive anten-
nas in the measurements. The influence of the channel and mea-
surement equipment on the model can not be separated. Another
category are the physical models. In general, these models choose
some crucial physical parameters to describe the MIMO propaga-
tion channels. Some typical parameters include Angle of Arrival
(AOA), Angle of Departure (AOD) and Time of Arrival (TOA).
However, under many propagation conditions, the MIMO channels
are not well described by a small number of physical parameters
and this makes it difficult, if not impossible, to identify and vali-
date the models. For instance, it was shown in [BV01] that one may
get a false AOA distribution through an artifact stemming from the
measurement and identification procedure. Although one attempts
to separate the propagation channel from the measurement equip-
ment (antenna responses, configuration etc.) to allow extrapolation
to other conditions, the model always contains some prejudice (for
example point source assumptions) related to the conditions under
which the model was identified. This always put limitations on the
model which must be taken into account.
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In this chapter, we follow the last classification approach. The MIMO
channel models are divided into two categories, namely the non-physical
and physical modeling approaches. We will discuss these two groups of
models in the following two sections, respectively.

2.2 Non-physical MIMO Channel Models

2.2.1 IST METRA Project

Under the EU (European Union) IST (Information Society Technology)
METRA (Multi Element Transmit Receive Antennas) project, an indoor
measurement campaign was carried out in Aalborg, Denmark at a carrier
frequency of 2.05 GHz. A stochastic MIMO radio channel model for
NLOS scenarios was proposed based on the power correlation matrix of
the MIMO radio channel [KSMP00, PAKM00].

Let M be the number of transmit antennas and N be the number of
receive antennas. In the proposed wideband model, the MIMO channel
without noise is expressed as

H(τ) =

L
∑

l=1

Hlδ(τ − τl), (2.1)

where H(τ) is the N ×M matrix of channel impulse responses and Hl is
the matrix of complex channel coefficients at time delay τl.

Hl =











H l
11 H l

12 . . . H l
1M

H l
21 H l

22 . . . H l
2M

...
...

. . .
...

H l
N1 H l

N2 . . . H l
NM











. (2.2)

Moreover, all complex valued transmission coefficient are assumed to be
zero mean complex Gaussian and have the same average power pl. The
coefficients are independent from one time delay to another.

To construct the MIMO channel model, the correlation between dif-
ferent pairs of complex transmission coefficients need to be taken into
account. The spatial correlation coefficients at the transmitter and re-
ceiver are considered in the proposed model,

ρTx
m1m2

=<| H l
nm1

|2, | H l
nm2

|2>, (2.3)
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ρRx
n1n2

=<| H l
n1m |2, | H l

n2m |2>, (2.4)

where ρTx
m1m2

, ρRx
n1n2

denote the power correlation coefficients at the trans-
mitter and receiver respectively. The correlation coefficient is defined as

ρ =< a, b >=
E[ab] − E[a]E[b]

√

(E[a2] − E[a]2)(E[b2] − E[b]2)
. (2.5)

Note that in this definition the spatial correlation at one side is assumed
to be independent of the antenna elements at the opposite side.

It was claimed in [PAKM00] that it can be shown theoretically [ETO93]
that the spatial cross correlation coefficient can be expressed as the prod-
uct of the spatial correlation at the transmitter and receiver, i.e.

ρn1m1

n2m2
=<| H l

n1m1
|2, | H l

n2m2
|2>= ρTx

m1m2
ρRx

n1n2
. (2.6)

It is clear that some conditions must hold for (2.6) to be true. These
conditions, however, were not reported in [PAKM00]. In matrix form,
this can be written as

PH = PTx
H ⊗PRx

H , (2.7)

where PH is the power correlation matrix of the MIMO channel, PTx
H

and PRx
H are the power correlation matrices seen from the transmitter

and receiver respectively.
Given the above spatial correlations, the MIMO radio channel can be

easily modeled as
vec(Hl) =

√
plCal, (2.8)

where al is a column vector with IID zero mean complex Gaussian el-
ements (MN × 1). The matrix C is a symmetric mapping matrix and
the (x, y)th element of CCT equals to the square root of the power cor-
relation coefficient between the xth and yth element of Hl. The average
power pl can be decided by the power delay spectrum (PDS).

Narrowband MIMO channels, i.e. L = 1 were generated from the
model and compared with measured data based on the cumulative density
function (CDF) of the eigenvalues. It was reported that the simulated
channels agree well with the measurements.

One drawback of the above model is that the phase relationship be-
tween transmission coefficients is lost since the power correlation coef-
ficients do not take the phase information into account. In [PAKM00],
it was suggested to multiply a phase steering diagonal matrix W(φ̄Rx)
after the convolution between the MIMO channel impulse response and
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the transmitted signal, therefore the received signal without noise can be
written as

y(t) = W(φ̄Rx)

∫

H(τ)s(t − τ)dτ, (2.9)

where the diagonal elements of the diagonal matrix W(φ̄Rx) provide the
average phase shift information relative to the first receive element and
φ̄Rx is the mean azimuth AOA. Notice that this model has been modified
in [KSP+02] to include the complex correlation matrix for the narrow-
band case.

2.2.2 IST SATURN Project: Narrowband Model

In Bristol, an indoor measurement campaign was conducted under the
EU IST SATURN (Smart Antenna Technology in Universal bRoadband
wireless Networks) project [MBFK00]. Based on the first and second
order moments of the measured data, a narrowband statistical model for
NLOS MIMO propagation channels was summarized below.

It was observed that in the typical NLOS scenarios, the channel co-
efficients are zero mean complex Gaussian. Furthermore, it was found
that for moderate array sizes, the channel covariance matrix can be well
approximated by the Kronecker product of the covariance matrices seen
from both ends for such cases, i.e.

RH = RTx
H ⊗RRx

H , (2.10)

where RH is the channel covariance matrix, RTx
H and RRx

H are the co-
variance matrices at the transmitter and receiver respectively.

RTx
H = E[(hH

i hi)
T ], for i = 1, . . . , N (2.11)

RRx
H = E[hjhjH

], for j = 1, . . . ,M (2.12)

RH = E[vec(H)vecH(H)], (2.13)

where hi is the ith row of H and hj is the jth column of H.
In [CTKV02], the same structure was proposed where the amplitude

correlation was verified using the WiSE (Wireless System Engineering)
ray-tracing simulator. It is obvious that the expressions in (2.7) and
(2.10) are related. In (2.10), the channel covariance matrix is used in-
stead of the power correlation matrix, therefore (2.10) provides the phase
information of the MIMO propagation channel. The structure (2.10) was
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also discussed in the 3GPP (3rd Generation Partnership Project) meeting
[LNSE01].

Assuming that the channel is a zero mean complex Gaussian process,
the first and second order moments of the MIMO channel are enough to
characterize the propagation channel [Kay93]. It is easy to show from
equation (2.10), as in [SFGK00], that

H = (RRx
H )1/2G(RTx

H )T/2, (2.14)

where G is a stochasticN byM matrix with IID CN (0, 1) elements. Here
(·)1/2 denotes any matrix square root such that R1/2(R1/2)H = R. This
model was first conjectured in [CRFLL00] to study the channel capacity.
Notice that this model is also a special case of the model suggested in
[GBGP00]. In Chapter 3, we will revisit this model in detail and in
Chapter 4, it will be extended to LOS scenarios by adding a separate
model corresponding to the dominant component.

2.2.3 IST SATURN Project: Wideband Model

A wideband NLOSMIMO channel model was proposed based on the same
sets of measured data. It was found that for each tap, the normalized
MIMO channel covariance matrix can be well modeled by the Kronecker
product of the covariance matrices at both ends, i.e.

Rl
H = Rl

Tx ⊗Rl
Rx, (2.15)

where the channel covariance matrix of the lth tap of MIMO channel
impulse response Rl

H , the covariance matrix of the lth tap seen from the
transmit side Rl

Tx and the covariance matrix of the lth tap seen from the
receive side Rl

Rx are defined similarly as in (2.13), (2.11) and (2.12).
Assume that the taps are independent zero mean complex Gaussian,

the lth tap of the wideband MIMO channel impulse response can be
modeled as

Hl = (Rl
Rx)1/2Gl(R

l
Tx)T/2, (2.16)

where Hl is the lth tap of MIMO channel impulse response H and Gl is
the matrix with IID zero mean complex Gaussian elements of power p̄l.
The power of the lth tap, p̄l, can be determined from the average power
delay profile.

Finally, one should notice that the elements of Gl can be modeled
by different SISO models (e.g. [MAS+98, PL95, SV87]), therefore this
wideband statistical model is flexible to different model requirements and
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Figure 2.1: Illustration of the one-ring model

scenarios. One example can be found in Chapter 5 where a tapped delay
line SISO model [MAS+98] was combined with this wideband model.
More details on wideband MIMO channel modeling issues can also be
found in Chapter 5.

2.3 Physical MIMO Channel Models

2.3.1 One-ring and Two-ring Models

In [SFGK00, Shi00], the narrowband ‘one-ring’ and ‘two-ring’ models
were presented. Next, we will discuss these two models respectively.

In the one-ring model, the base station (BS) is assumed to be elevated
and therefore not obstructed by local scattering while the mobile station
(MS) is surrounded by scatterers. No LOS is assumed between the BS and
MS. Fig. 2.1 illustrates this scenario where Tp is the pth antenna element
at the BS, Rn is the nth antenna element at the MS, D is the distance
between the BS and MS, R is the radius of the ring of scatterers, α is the
AOA at the BS, and γ is the angle spread. Since D and R are much larger
than the spacing between antenna elements, γ ≈ arcsin(R/D). Denote
the effective scatterer on the ring by S(θ) and let θ be the angle between
the scatterer and the array at the MS. In the model, it is assumed that
S(θ) is uniformly distributed in θ and the phase shift, φ(θ), associated
with each scatterer, S(θ), is distributed uniformly over [−π, π) and IID
in θ. Each ray is further assumed to be reflected only once and all rays
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Figure 2.2: Illustration of the two-ring model

reach the receive array with the same power.

Suppose there are K effective scatterers S(θk), k = 1, 2, . . . ,K dis-
tributed on the ring, the complex channel coefficient between the pth
elements at the BS and nth element at the MS can be expressed as

Hp,n =
1√
K

K
∑

k=1

exp{−j 2π

λ
(DTp→S(θk)

+DS(θk)→Rn) + jφ(θk)}, (2.17)

where DX→Y denotes the distance between X and Y and λ is the wave-
length. Due to the central limit theorem, when the number of scatterers
becomes large, the channel coefficient is Gaussian distributed. The co-
variance between Hp,n and Hq,m is given by

E[Hp,nH
H
q,m] =

1

K

K
∑

k=1

exp{−j 2π

λ
(DTp→S(θk)

−DTq→S(θk) +DS(θk)→Rn −DS(θk)→Rm)}. (2.18)

In general, (2.18) has to be evaluated by numerical analysis. However,
when the angle spread γ is small, some approximation can be made and
it is possible to get some insights of the MIMO channel properties. The
readers may refer to [SFGK00] for more discussions about this issue.

The two-ring model assumes that both the BS and MS are surrounded
by scatterers. This can be the case for indoor wireless communications.
An illustration of the two-ring model is shown in Fig. 2.2. Notice that in
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this model, each ray is reflected twice and the channel coefficient for the
two-ring model is

Hp,n =
1√
K1K2

K1
∑

k=1

K2
∑

l=1

exp{−j 2π

λ
(DTp→S1(αk)

+DS1(αk)→S2(βl) +DS2(βl)→Rn)

+jφ1(αk) + jφ2(βl)}. (2.19)

The difficulty in this model is that the signals reflected by the scatterers
at the receive side are possibly not independent. Even if the number of
scatterers, K1 and K2 goes to infinity, the channel coefficient may still
not be zero mean complex Gaussian. Therefore, the channel covariance
matrix can not completely describe the MIMO channel. It was suggested
[Shi00] to generate the channel realizations using the ray tracing method
(2.19) and investigate the channel properties by Monte-Carlo simulations.

2.3.2 Von Mises Angular Distribution

Similar to the one-ring model, a narrowband model was proposed in
[AK01, AK02] that uses the von Mises angular probability density func-
tion (PDF) as the angular PDF at the mobile side and takes the Doppler
spread into account. Fig. 2.3 illustrates this model. Assume that the
angle spread at the BS, γ is small and D � R � max(dpq , dnm) where
dpq and dnm are the element spacing at the BS and MS respectively,
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the cross covariance between two normalized channel coefficients can be
approximated as follows [AK01]

E[Hp,n(t)HH
q,m(t+ τ)] =

∫ 2π

0

exp{ j2π
λ

[dpqγsin(α)

×sin(θ) + dnmcos(θ − β)] − j2πfD[cos(θ − φ)]τ}

×p(θ)dθ · exp{ j2πdpqcos(α)

λ
}, (2.20)

where fD = v/λ is the Doppler shift, v is the speed of the MS, φ is the
moving direction of the MS, and τ is the relative time difference between
the two links Hp,n and Hq,m. Note that this narrowband model includes
information of temporal variations.

Compared with some previously measured data, it was reported in
[AK00] that the von Mises angular PDF is a good model for the angular
PDF, p(θ). The von Mises PDF is defined by

p(θ) =
exp[κcos(θ − µ)]

2πI0(κ)
, θ ∈ [−π, π), (2.21)

where I0(·) is the zero order modified Bessel function and µ is the mean
AOA at the MS. The parameter κ can be chosen between 0 (isotropic
scattering) and ∞ (extreme non-isotropic scattering). Inserting the von
Mises PDF to (2.20) and calculating the integral [GR94], the covariance
can be written as [AK01]

E[Hp,n(t)HH
q,m(t+ τ)] =

exp[jcpqcos(α)]

I0(κ)
I0({κ2

−a2 − b2nm − c2pqγ
2sin2(α) + 2abnmcos(β − φ)

+2cpqγsin(α)[asin(φ) − bnmsin(β)]

−j2κ[acos(µ− φ) − bnmcos(µ− β)

−cpqγsin(α)sin(µ)]}1/2), (2.22)

where a = 2πfDτ , bnm = 2πdnm/λ and cpq = 2πdpq/λ. Notice that this
model was extended in [AK02] to include the LOS component.

One important advantage of using the von Mises angular distribution
is that it gives a closed-form expression and therefore, can be used to
study the channel covariance analytically. As an example, a 2x2 setup
MIMO channel was studied in [AK01] for the validation of the Kronecker
structure in (2.10). It was reported [AK01] that as the spacing of antenna
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Figure 2.4: Illustration of the distributed scattering model

elements increases, the normalized model error of the Kronecker structure
does not decrease monotonically which indicates the existence of local
maxima. Furthermore, it was found that the model error becomes zero
only for some specific antenna element spacings and when the spacing is
large, the model error is negligible.

2.3.3 Distributed Scattering Model

This narrowband model was proposed in [GBGP00] to describe outdoor
MIMO propagation channels. Fig. 2.4 illustrates a NLOS outdoor prop-
agation scenario. Assume there are M transmit elements and N receive
elements. Both the transmitter and receiver are obstructed by the sur-
rounding scatterers where the distance between the scatterers and trans-
mitter/receiver is large enough so that the plane wave assumption holds.

Assume there are S scatterers on both the transmitter and receiver
where S is large enough to have random fading. The scatterers at the
receive side can be seen as a virtual array between the transmitter and
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receiver. The MIMO channel transfer function is given by

H =
1√
S

R
1/2
θr,dr

GrR
1/2
θs,2Dr/SGtR

T/2
θt,dt

, (2.23)

where 1√
S
is a normalization factor, Gt (S by M) and Gr (N by S) are

random matrices with IID zero mean complex Gaussian elements. Rθt,dt
,

Rθs,2Dr/S , Rθr,dr
are the correlation matrices seen from the transmitter,

virtual array, and receiver respectively. Notice that (2.23) does not give
Gaussian distribution in most cases.

For uniformly distributed AOAs, the (m, k)th element of the correla-
tion matrix can be expressed as [Ast96, TO96, ECS+98]

[Rθ,d]m,k =
1

S

S−1

2
∑

i=− S−1

2

e−2πj(k−m)dcos( π
2
+θi), (2.24)

where S should be odd, d is the array element distance and θi is the
AOA of the ith scatterer. It is further assumed that the mean AOA is
orthogonal to the array for the simplicity of the model. Note that other
kinds of AOA distributions [ECS+98] can also be used but will lead to
different expressions of the correlation matrix Rθ,d.

In general, when the angle spread of the AOA and/or the array inter-
element distance is small, the correlation matrix will lose rank. On the
contrary, for large angle spread and/or large inter-element distance, the
correlation matrix will converge to a full rank matrix. Furthermore, if the
correlation matrix at the transmit and/or receive side is low rank, then
from (2.23), the MIMO radio channel will be low rank. The opposite,
however, is not the case. Even if both the correlation matrices at the
transmitter and receiver are high rank, the rank of channel matrix is still
controlled by the correlation matrix of the virtual array, Rθs,2Dr/S . The
matrix Rθs,2Dr/S is determined by the angle spread, θs, and the spacing
of the receive scatterers. The angle spread for the virtual array is defined
by

tan(θs/2) = Dt/R. (2.25)

When the distance R is large compared to the product of Dt, Dr, the
virtual array correlation matrix will be low rank and consequently the
MIMO channel will be low rank. This effect is termed ‘pin-hole’ in
[GBGP00]. Note that the same effect was reported in [CFV00] but with
the name ‘keyhole’. However, no observations of ‘pinhole’ effect from field
measurements have been referenced or reported in the literature.
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Figure 2.5: Model parameters for a single cluster in the extended Saleh-
Valenzuela model

Consider the extreme cases, in the low rank region, the correlation
matrix Rθs,2Dr/S is a rank one matrix. In such a case, the multiplexing
gain of the MIMO channel is lost. On the other hand, in the high rank
region, Rθs,2Dr/S converges to a full rank matrix. Using the central limit
theory, it is easy to show that when the number of scatterers at both sides
is sufficiently large, the channel matrix approaches the model in (2.14).

2.3.4 Extended Saleh-Valenzuela Model

In [SV87], a wideband SISO multipath channel model was proposed for
the indoor scenario based on the indoor measurements. The multipath
components were observed to arrive in groups and therefore the scatterers
could be separated into clusters. Including the statistics of AOA and
AOD, the Saleh-Valenzuela Model was extended to MIMO channels in
[WJ01b, WJ02]. A narrowband MIMO channel model was then derived
to compare with the measured data. Fig. 2.5 shows the model parameters
for a single cluster in the extended Saleh-Valenzuela model.

Suppose there are L clusters and each cluster has K rays, the direc-
tional channel response can be expressed as [WJ01b, WJ02]

h(θR, θT ) =
1√
LK

L−1
∑

l=0

K−1
∑

k=0

βklδ(θ
T − ΘT

l − ωT
kl)

× δ(θR − ΘR
l − ωR

kl), (2.26)

where τl is the time delay associated with the lth cluster, θT and θR are
the transmit and receive angle, βkl is the complex ray gain, ΘT

l and ΘR
l
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are the mean transmit and receive cluster arrival angles, and ωT
kl and ω

R
kl

are the relative transmit and receive angles for the kth ray in the lth
cluster. Based on measured data, it was proposed in [SJJS00] to use a
two sided Laplacian distribution for the ray AOA/AOD, i.e.

p(ω) =
1√
2σ

exp(− |
√

2ω/σ |), (2.27)

where σ is the angular standard deviation.

The rays in each cluster are assumed to be zero mean complex Gaus-
sian with power | βl |2. The cluster amplitude is Rayleigh distributed
with E{| βl |2} = exp(−Tl/Γ), where Γ is the cluster decaying constant
and Tl is the arrival time of the lth cluster [SV87, SJJS00]. Based on the
above assumptions, the coefficient of the narrowband channel matrix is
given by [WJ01b, WJ02]

Hnm =

∫

2π

∫

2π

WR
n (θR)h(θR, θT )W T

m(θT )dθT dθR, (2.28)

where WP
q (θ) = GP

q (θ)exp[jψP
q (θ)], GP

q (θ) is the antenna gain pattern,

ψP
q (θ) = 2π[xP

q cos(θ) + yP
q sin(θ)], P ∈ {T,R}, and q ∈ {m,n}.

A narrowband indoor MIMO channel measurement campaign was
carried out near 2.45 GHz and the data were collected from different
measurement scenarios. All the scenarios showed rich scattering. The
proposed model was compared with the models proposed in [PAKM00,
YBO+01a, YBO+01b] and better agreement with the measured data
based on the channel capacity PDF was reported. However, the reader
should notice that in [WJ01b, WJ02], the data collected from different lo-
cations were used simultaneously when modeling the channels. It is likely
that the power correlation matrix, channel covariance matrix may vary
from one location to another. If this is not taken into account, the models
in [PAKM00, YBO+01a, YBO+01b] will of course be less accurate.

2.3.5 COST 259 Directional Channel Model

A directional channel model developed by the European research initia-
tive COST 259 was reported in [Cor01] and can be extended to model
different MIMO propagation channels [Mol02]. Suppose that the received
impinging waves are plane and there are L impinging waves at the re-
ceiver. The double directional channel impulse response (DDCIR) can
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be expressed as [Cor01]

h(~r, τ, θR, θT ) =

L(~r)
∑

l=1

hl(~r, τ, θ
R, θT ), (2.29)

where ~r denotes the location of the receiver with respect to the transmit-
ter, τ is the time delay, θR and θT is the corresponding AOA and AOD at
the receiver and transmitter respectively. hl(~r, τ, θ

R, θT ) is the channel
response of the lth impinging wave. Notice that the clustering effect can
be included [Cor01] by some minor modification of (2.29).

Given the positions of the mth transmit element and the nth receive
element measured from any fixed reference point on the corresponding
array, the DDCIR between these two elements is given by

Hnm(~r, τ, θR, θT ) =

L(~r)
∑

l=1

H l
nm(~r, τ, θR, θT ), (2.30)

where H l
nm(~r, τ, θR, θT ) equals hl(~r, τ, θ

R, θT ) with a certain phase shift,
which depends on the positions of both the transmit and receive elements.

Assume ~r = ~r(t), which is time dependent and the scatterers are sta-
tionary, this will give a time-variant DDCIR, Hnm(t, τ, θR, θT ). The non-
angle resolved channel impulse response can then be derived as [Cor01]

Hnm(t, τ) =

∫

θR

∫

θT

GR
n (θR)GT

m(θT )Hnm(t, τ, θR, θT )dθT dθR, (2.31)

where GT
m(θT ) and GR

n (θR) are the complex antenna pattern for the mth
transmit element and the nth receive element respectively.

To simulate the channel, a layered approach was proposed in [Cor01]
where different environments have been separated into three level. The
top level is the cell type and each cell type includes a number of radio
environments (second level). For each radio environment, some propaga-
tion scenarios (third level) have been identified. The parameters in the
second level are referred to as Global Parameters (GPs) while those in the
third level are called Local Parameters (LPs). In general, the propaga-
tion environment can be described by a number of external parameters,
such as the frequency band, the height of BS and MS. The GPs are usu-
ally a set of PDFs and/or statistical moments characterizing the specific
propagation environment. The parameters of the impinging waves are a
possible set of LPs. The GPs are determined by the field measurements
and decide the statistical properties of the LPs. See [Cor01, Mol02] for
more details about the model parameters and implementation aspects.
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2.3.6 EM Scattering Model

A physical MIMO channel model was presented in [Sva01b] based on
Electro-Magnetic (EM) considerations. Both the properties of the chan-
nel and the antennas were taken into account. In the uplink case, let
the waves transmitted from the MS be reflected once by the surrounded
effective scatterers (including some properties of multiple scattering) be-
fore reaching the BS, the channel impulse response for the link between
the pth element at the MS and the nth element at the BS is given by

Hp,n(t, τ) =

K
∑

k=1

sinc[ω(τ − τk)]

(| ~rmpsk
|| ~rskbn

|)GT (~rmpsk
)

×GR(−~rskbn
)~gR(−~rskbn

)~Sk ~gT (~rmpsk
), (2.32)

where t is the time, τ is the delay, K is the number of scatterers, ω is
the system bandwidth, and τk = (| ~rmpsk

| + | ~rskbn
|)/c. Here, c is the

speed of light in the surrounding medium. Let ~rmpsk
be the vector from

the mobile element p to the kth scatterer and let ~rskbn
be the vector from

the kth scatterer to the nth element at the BS. The scattering dyad is
denoted ~Sk and contains the amplitude and direction information, GT (·)
is the transmit antenna element pattern, and ~gT (·) is the orientation of
the transmitted field. Also, let GR(·) and ~gR(·) be the same functions
but at the receive side. Note that it is straightforward to extend this
model to the downlink scenario.

For a narrowbandMIMO system, the channel coefficient can be simply
obtained by replacing the sinc(·) function in (2.32) with a phase shift,
e−jωcτk , where ωc is the carrier frequency of the system.

This model includes the antenna polarization properties through the
antenna functions. It is a function of time and thus reflects the time
evolution of the MIMO channel. Therefore the Doppler shift is implicitly
included in this model. One disadvantage might be to derive the scat-
tering dyad ~Sk, since one must consider the properties of the effective
scattering objects that include the effects of multiple reflections and this
will influence the accuracy and complexity of the model. Note that if the
scatterers are too close to the BS or MS, the near field effect should also
be considered.

2.3.7 Virtual Channel Model

Suppose there are K scatterers (within one cluster) between the trans-
mitter and receiver, one physical MIMO channel model for this cluster is
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[SJBF00]

H =

K
∑

k=1

βkaR(φR,k)aH
T (φT,k), (2.33)

where βk is the path gain for the kth scatterer. Let φT,k and φR,k be
the AOD and AOA respectively. Assume both the transmit and receive
arrays are uniform linear arrays (ULAs), the impinging waves are plane.
The array response vectors at both sides are given by

aT (φT,k) = [1, e−j2πθT,k , . . . , e−j2π(M−1)θT,k ]T , (2.34)

aR(φR,k) = [1, e−j2πθR,k , . . . , e−j2π(N−1)θR,k ]T , (2.35)

where θT,k = dtsin(φT,k)/λ, and θR,k = drsin(φR,k)/λ. The wavelength
is λ, and dt and dr are the element spacings of the transmit and receive
array respectively. In matrix form, (2.33) can be written as

H = ARHP AH
T , (2.36)

whereAT = [aT (φT,1), . . . , aT (φT,K)] andAR = [aR(φR,1), . . . , aR(φR,K)]
areM×K and N×K matrices respectively. The K×K diagonal matrix
HP = diag(β1, . . . , βK). This model, however, is nonlinear in φT,k and
φR,k .

Based on the limited spatial resolution of the transmit and receive ar-
ray, a linear model called virtual channel model was presented in [Say01].
In the model, the virtual AOD, ψT,p and virtual AOA, ψR,q from different
scatterers are fixed according to the number of elements at both sides,
i.e.

ψT,p = sin−1(
apλ

Mdt
), ψR,q = sin−1(

bqλ

Ndr
), (2.37)

where ai is−(M−1)/2, . . . , (M−1)/2whenM is odd and−M/2, . . . ,M/2
when M is even. bi = −(N − 1)/2, . . . , (N − 1)/2 when N is odd and
bi = −N/2, . . . , N/2 when N is even.

The MIMO channel matrix can be modeled as

H =

N
∑

q=1

M
∑

p=1

HV (p, q)aR(ψR,q)a
H
T (ψT,p)

= ÃRHV ÃH
T , (2.38)

where HV is the virtual channel representation, ÃT and ÃR are defined
similarly as in (2.36). Note that both ÃT , ÃR are unitary matrices and
HV is no longer a diagonal matrix in general.
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This model is similar in spirit to the beamspace method used in array
signal processing. For the MIMO channel with L distinct clusters, the
channel can be separated into L parallel virtual channels [Say01], i.e.
HV (i), i = 1, . . . , L. The rank of the channel matrix H is bounded by the
sum of the ranks of the virtual channel matrices HV (i) and the channel
capacity is the superposition of the capacity for each virtual channel.

2.4 Summary

In this chapter, different MIMO radio channel models have been reviewed.
Interested readers may refer to [SBE+02, ZFW02, MF02] for more MIMO
channel models. These models, in general, can be divided into two groups,
i.e. non-physical and physical models. The non-physical models focus on
the first and second order moments of the MIMO channels while the
physical models often postulate a scattering environment. Most of the
physical models assume that the impinging waves are plane. This as-
sumption is reasonable for most outdoor scenarios. However, it does
not always hold in indoor environments. The near field effect sometimes
needs to be considered when the local scatterers are very close to either
the transmitter or the receiver. On the other hand, the non-physical
models do not have this drawback. In the following chapters, we will
focus on the non-physical models and report the modeling results based
on 5.2 GHz indoor measurements.



Chapter 3

Narrowband Model for

NLOS Scenarios

3.1 Background

This chapter focuses on narrowband MIMO channel modeling based on
data measured by the University of Bristol as part of the SATURN
project. A statistical model based on the experimental data is also pre-
sented. This chapter is organized as follows: Section 3.2 gives a brief de-
scription of the measurement setup including the test environment and
the test equipment. In Section 3.3, a statistical structure is proposed
and a least squares Kronecker factorization method is described in detail
that could separate a matrix into the Kronecker product of two positive
Hermitian matrices. Section 3.4 presents a statistical model based on
this covariance structure. The results from the model identification for
different transmitter locations are also given in this section.

3.2 Measurement System

The measurement site was the Merchant Venturers Building of the Uni-
versity of Bristol. The general layout of the test site includes office rooms,
computer labs, corridors and open spaces. The entire measurements in-
clude 15 transmitter locations and 3 receiver locations. Both LOS and
NLOS cases were measured. In this chapter, we focus on NLOS scenarios
as shown in Fig. 3.1. In the figure, the arrow at each transmitter loca-
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Figure 3.1: Measurement scenario for NLOS indoor MIMO channel

tion indicates the orientation of the transmit array. The transmitter was
located in a computer lab and the receiver was located in a large modern
office with cubicles.

The measurements were carried out using the Medav RUSK BRI vec-
tor sounder, which has an 8-element omnidirectional uniform linear array
(ULA) at the transmit side and an 8-element ULA with 120◦ beamwidth
at the receive side (for pictures, see [MBFK00]). The distance between
two neighboring antenna elements was 0.5λ for both arrays. There was
a feedback from the receiver to the transmitter by a cable in order to
synchronize the transmitter and receiver.

The measurements were centered at 5.2 GHz. During the measure-
ments, a periodic multi-frequency signal with 120 MHz bandwidth was
sent out by the transmitter and captured by the receiver. The channel
impulse response was then sampled, estimated and saved in the frequency
domain. The maximum expected channel excess delay was set as 0.8µs,
corresponding to 97 frequency sub-channels. For each transmit element,
one ‘vector snapshot’ (one measurement from each receive element) is
taken by the receiver through switching control circuits. The sampling
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time for one MIMO snapshot (8 vector snapshots) was 102.4µs, which
is well within the coherence time of this indoor environment. One com-
plete measurement includes 199 blocks with 16 MIMO snapshots within
each block, therefore there were 3184 complete MIMO snapshots in total
for each frequency sub-channel. The time delay between two neighbor-
ing blocks was 26.624ms. This means the total time for one complete
measurement was 5.3s. During the measurements, people were moving
around both at the transmitter and receiver.

3.3 Analysis Methods

3.3.1 Data Model and Second Order Moments

Assume there are M transmit elements and N receive elements. For
a narrowband MIMO channel, the input-output relationship could be
expressed in the baseband as

y = Hs + n,

where s is the transmitted signal, y is the received signal and n is additive
white Gaussian noise. The channel matrix H here is an N by M matrix.

Define the transmitter, receiver and channel covariance matrices as
expressed in (2.11), (2.12) and (2.13). For normalized MIMO channel
matrix, it was conjectured [CRFLL00] that the covariance between two
channel coefficients can be approximated by the product of the covari-
ances at both the transmitter and receiver, i.e.

υn1m1

n2m2
= υTx

m1m2
υRx

n1n2
, (3.1)

where υTx
m1m2

is the covariance at the transmitter, υRx
n1n2

is the covariance
at the receiver and υn1m1

n2m2
is the covariance between channel coefficients

Hn1m1
and Hn2m2

. In matrix form, this can be expressed as shown in
(2.10)

RH = RTx
H ⊗RRx

H ,

where RH is the channel covariance matrix, RTx
H and RRx

H are the co-
variance matrices at the transmitter and receiver respectively. In this
chapter, the above Kronecker structure is verified from the measured
data.
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3.3.2 Capacity and Normalization

It is well known that when the transmitted power is equally allocated
to each transmit element, the channel capacity may be expressed as in
[FG98]

C = log2det(IN +
ρ

M
HHH), (3.2)

where H is an N by M normalized channel matrix and ρ is the average
signal-to-noise-ratio (SNR) at each receiver branch. To calculate the
channel capacity and statistics, the measured channel matrices H should
be correctly normalized. We use the same normalization factor for every
measured channel realizations such that

1

K

K
∑

i=1

‖ Hi ‖2
F = NM, (3.3)

where K is the number of measured channel realizations.

3.3.3 Least Squares Kronecker Factorization

Here, we introduce a least squares Kronecker factorization method to
separate the channel covariance matrix RH into the Kronecker product
of two Hermitian matrices X and Y optimally, so that the results can be
compared with those calculated from the measured data. The original
problem boils down to solving the following problem

arg min
X,Y

‖ RH −X⊗Y ‖F . (3.4)

The least squares rank one approximation method in [Str95] can be
used to solve this problem. The main idea is to re-arrange the elements of
the covariance matrix, RH , and X⊗Y simultaneously to get the following
least squares problem (3.4)

arg min
x,y

‖ Rtran − x(yc)H ‖F , (3.5)

where
x = vec(X), (3.6)

y = vec(Y) (3.7)

and Rtran is the transformed matrix. To obtain Rtran, we define the
permutation matrix T such that

T vec(X ⊗Y) = vec(xyT ) (3.8)
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for all matrices X and Y. Then the matrix Rtran can be expressed as

vec(Rtran) = T vec(RH). (3.9)

Note that (3.4) and (3.5) are equivalent since T is orthonormal. A deriva-
tion of T can be found in Appendix 3.A.

The solution to the least squares rank one approximation of RH in
(3.5) is easily calculated using the singular value decomposition (SVD)
[GL96, SM97]. Let λmax as the largest singular value of Rtran, and umax

and vmax as the left and right singular vector corresponding to λmax.
Then, x and y can be expressed as

x = γumax, (3.10)

yc = γ−1λmaxvmax, (3.11)

where γ is an arbitrary scalar and its value depends on what X and Y

should be. Then it is straightforward to transform the two vectors x and
yc into X and Y inversely.

Although in general, umax and vmax are not unique [HJ85], it can be
shown that the solution X and Y can always be Hermitian when being
properly scaled as long as RH is Hermitian, therefore it is not necessary
to force this structure on the solution explicitly.

3.4 Measurement Results

As stated in Section 3.2, the measurements use an 8-element transmitter
and receiver. Here, pairs of 2 and 3 neighboring elements at both the
transmitter and receiver have been used as an example to get 2×2 and
3×3 MIMO channel realizations that are used to analyze the second order
statistics of the channel matrix. It is observed that even though people
were moving around during the measurements, the time variations on
a single link of each narrowband sub-channel are still quite small, lead-
ing to a quite stationary scenario. Therefore both the frequency and
spatial domain have been averaged, i.e. all the snapshots from different
frequency sub-channels and spatial 2×2/3×3 pairs (at the same Tx and
Rx locations) have been seen as different channel realizations in order to
get sufficient data to study both the channel distribution and second or-
der statistics. Reasonably good results have been found for other setups
with up to 5 elements at each side. The data is not sufficient to calculate
setups with more elements. In the following section, unless otherwise
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stated, the data measured at Tx13 – Rx3 are used. Similar results have
been found in the other four pairs of transmitter and receive locations,
see Fig. 3.1.

3.4.1 Distribution of Channel Coefficient

The distribution of the channel coefficient has been investigated by plot-
ting the histogram of the envelope of one channel coefficient and the cu-
mulative density function (CDF) of the phase of one channel coefficient.
Fig. 3.2 and Fig. 3.3 show the result of the envelope distribution of the
channel coefficient and the CDF of the phase of the channel coefficient
comparing with the fitted Rayleigh distribution and uniform distribu-
tion curves respectively. We conclude that the channel coefficient for
this NLOS indoor MIMO scenario is approximately zero-mean complex
Gaussian.
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3.4.2 Second Order Moments

It is well known that a complex Gaussian distributed random variable
is completely characterized by its first and second order moments. Al-
though the individual elements of the channel matrix appear Gaussian
distributed, we have not examined that they are jointly Gaussian. There-
fore, Monte-Carlo simulations will be used later to further verify the pro-
posed model. To investigate the second order statistics for this NLOS
indoor scenario, we define the narrowband model error, Ψ to evaluate
the difference between two matrices A and B

Ψ(A,B) =
‖ A−B ‖F

‖ A ‖F
. (3.12)

The transmit, receive, and channel covariance matrices are estimated
by the corresponding sample covariance estimates as

R̂Tx
H =

1

KN

K
∑

t=1

N
∑

i=1

[(ĥi(t))
H ĥi(t)]

T , (3.13)
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R̂Rx
H =

1

KM

K
∑

t=1

M
∑

j=1

[ĥj(t)(ĥj(t))H ], (3.14)

R̂H =
1

K

K
∑

t=1

[vec(Ĥ(t))vec(Ĥ(t))
H

], (3.15)

where Ĥ(t) is the measured channel matrix realization, ĥi(t) is the ith
row of Ĥ(t), ĥj(t) is the jth column of Ĥ(t) and K is the number of
channel realizations. Note that the estimates in (3.13) and (3.14) are
suboptimal and do not correspond to the least squares estimate described
in Section 3.3. The estimated covariance matrices for the 2× 2 setup are
given below as an example. Note that the correlation at the receive side
is higher than the correlation at the transmit side. One possible reason
is that the transmit elements are omnidirectional while the receiver can
only receive the signal within 120◦ range.

R̂Tx
H =

[

0.995 0.010− j0.037
0.010 + j0.037 1.005

]

,

R̂Rx
H =

[

0.985 0.694 + j0.195
0.694− j0.195 1.015

]

,

R̂H =








0.991 0.683 + j0.205 0.018− j0.005 0.033− j0.079
0.683− j0.205 1.000 0.009 + j0.018 0.002− j0.069
0.018 + j0.005 0.009− j0.018 0.979 0.706 + j0.186
0.033 + j0.079 0.002 + j0.069 0.706− j0.186 1.030









.

The least squares Kronecker factorization method introduced in Sec-
tion 3.3 is then used to fit the channel covariance matrix, R̂H optimally
into two sub-matrices X and Y.

From the measured data, two narrowband model errors have been
investigated, the results from the data measured between Tx13-Rx3 are
listed in the first two rows of Table 3.1. It is also interesting to compare
the differences between the matrices X, Y and the covariance matrices
RTx

H , RRx
H in the last two rows of Table 3.1. Here since γ is an arbitrary

scalar, the least squares method has been used to find γ that minimizes
the difference between X, Y and RTx

H , RRx
H .

For other transmitter locations, similar narrowbandmodel errors have
been found. Table 3.2 lists the narrowband model errors for all 5 trans-
mitter locations with 3×3 setup.
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Table 3.1: List of Narrowband Model Errors for Tx13

2×2 3×3

Ψ(R̂H ,X ⊗Y) 0.76 % 4.52 %

Ψ(R̂H , R̂
Tx
H ⊗ R̂Rx

H ) 0.86 % 4.79 %

Ψ(R̂Tx
H ,X) 0.40 % 1.74 %

Ψ(R̂Rx
H ,Y) 0.03 % 1.60 %

Table 3.2: List of Narrowband Model Errors (3×3 Setup)

Ψ(R̂H ,X⊗Y) Ψ(R̂H , R̂
Tx
H ⊗ R̂Rx

H )
Tx11 7.26 % 7.57 %
Tx12 6.64 % 7.33 %
Tx13 4.52 % 4.79 %
Tx14 7.00 % 7.68 %
Tx15 4.65 % 4.94 %

From Tables 3.1 and 3.2, it is clearly shown that the channel co-
variance matrix could be well modeled as shown in (2.10). Notice that
this structure could explain above 90% of the received signal power in
the above cases. It is also interesting to note that the residuals of the
suboptimal estimates are close to the residuals obtained with the optimal
estimates. The fitness degrades slightly as the number of receive elements
increases. This could be due to fewer realizations from the spatial aver-
aging. Also, the residual is expected to increase as the channel dimension
increases, as the above model is more suitable for relatively small num-
bers of antenna elements. For large array sizes, more individual rays can
be resolved due to the larger array aperture. A model based on phys-
ical parameters may be more suitable for such cases since the number
of physical parameters becomes smaller comparing with the number of
channel covariance parameters as discussed in Chapter 2.

3.4.3 Statistical Model and Simulations

If the measured channel is complex Gaussian, it can be shown from (2.10)
that the MIMO channel transfer function is (2.14) (see Appendix 3.B for
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more details)
H = (RRx

H )1/2G[(RTx
H )1/2]T ,

where G is a stochasticN byM matrix with IID CN (0, 1) elements. Here
(·)1/2 denotes any matrix square root such that R1/2(R1/2)H = R. Note
that this model is also a special case of the model suggested in [GBGP00].

Monte-Carlo computer simulations have been used to generate 1000
channel realizations and the CDF of the simulated channel capacity is
compared with that from the measured data. The results for the 2×2
and 3×3 cases are given in Fig. 3.4. As a reference, the capacity for the
IID channel is also included. From the figure, it is shown that the channel
capacity obtained from the measurements can be well simulated by the
model.
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Appendix 3.A Derivation of PermutationMa-

trix T

Consider the following equation

T vec(X ⊗Y) = vec(xyT ),

where X, Y are two square matrices, x = vec(X) and y = vec(Y). It
is obvious that there exists a one to one mapping between the elements
of vec(X ⊗ Y) and vec(xyT ), and T is the corresponding permutation
matrix.

Without loss of generality, assume that X is an m×m matrix and Y

is an n × n matrix. Consequently, the dimensions for both vec(X ⊗ Y)
and vec(xyT ) are m2n2 × 1.

Let us consider the position ofX(i,j)Y(p,q) in vec(X⊗Y) and vec(xyT )
respectively. Recall that

X⊗Y =







X11Y · · · X1nY
...

. . .
...

Xm1Y · · · XmnY






.

It is clear that X(i,j)Y(p,q) is in row n(i− 1) + p and column n(j − 1) + q
of X⊗Y. Therefore, the index of X(i,j)Y(p,q) in vec(X ⊗Y) is

nm[n(j − 1) + q − 1] + n(i− 1) + p

= n2mj + nmq + ni+ p− n2m− nm− n.

On the other hand, X(i,j) is in element m(j − 1) + i of x and Y(p,q) is
in element n(q− 1) + p of y. Obviously X(i,j)Y(p,q) is in row m(j − 1) + i
and column n(q − 1) + p of xyT . Therefore, the index of X(i,j)Y(p,q) in
vec(xyT ) is

m2[n(q − 1) + p− 1] +m(j − 1) + i

= m2nq +m2p+mj + i−m2n−m2 −m.

From the above results, the permutation matrix T is given as T(a,b) = 1
for a = m2nq +m2p+mj + i−m2n−m2 −m and b = n2mj + nmq +
ni+ p− n2m− nm− n while the rest elements of T are 0. Notice that
each row or column of T has only one element equals 1 while the rest are
0. Therefore, T is orthonormal.
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Appendix 3.B Discussion on Second Order

Moments

Consider a MIMO propagation channel with its channel transfer function
as

H = (RRx
H )1/2G[(RTx

H )1/2]T ,

where G is a stochastic N by M matrix with IID CN (0, 1) elements. Its
second order moments can be calculated as

RH = E[vec(H)vecH(H)].

Recall that [Gra81]

vec(ABC) = (CT ⊗A)vec(B). (3.16)

Substitution of H with (RRx
H )1/2G[(RTx

H )1/2]T produces

RH = E[(((RTx
H )1/2 ⊗ (RRx

H )1/2)vec(G))

·(((RTx
H )1/2 ⊗ (RRx

H )1/2)vec(G))H ].

Since the elements of G is IID complex Gaussian, this gives

RH = ((RTx
H )1/2 ⊗ (RRx

H )1/2)((RTx
H )1/2 ⊗ (RRx

H )1/2)H .

Recall that [Gra81]

(A ⊗B)(C ⊗D) = (AC) ⊗ (BD). (3.17)

This finally generates
RH = RTx

H ⊗RRx
H .

The above derivation proves that given a complex Gaussian process
and its second order moments (2.10), the MIMO channel model (2.14)
is uniquely determined due to the fact that a Gaussian process is well
described by its first and second order moments. However, if the channel
is not Gaussian, then the channel transfer function is not unique. A
simple example can be found in [BYO01] which shows a low rank model
can generate exactly the same second order moments (2.10).



Chapter 4

Narrowband Model for

LOS Scenarios

4.1 Background

It is well known that for a MIMO system to provide high channel capac-
ity, a sufficiently rich scattering environment is necessary. Several mea-
surement campaigns show that NLOS scenarios could provide sufficient
scattering and thus can provide high channel capacity. Subsequently,
modeling of NLOS MIMO channels has received lots of attention. For
instance, a narrowband model based on a Kronecker structure of the
channel correlations is reported in Chapter 3 for indoor NLOS scenar-
ios. Other models can be found in Chapter 2. In general, most of these
models depend on the assumption that the MIMO channel coefficients
are Rayleigh distributed, which is reasonable in NLOS scenarios as long
as no dominant paths exist. However, many scenarios that can be de-
scribed as LOS still exist, where the direct path between the receiver and
transmitter dominates the channel. In such cases, the channel matrix
elements are in general better approximated as Ricean distributed than
Rayleigh distributed. In this chapter, we present a narrowband model
for LOS indoor MIMO channels based on the same 5.2 GHz wideband
MIMO channel measurements.
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Figure 4.1: Measurement scenario for LOS indoor MIMO channel

4.2 Measurement Scenario

The measurement system was the same as described in Chapter 3. During
that measurement campaign, two LOS measurements were conducted.
Fig. 4.1 shows the measurement environment where Tx9-Rx2 and Tx1-
Rx1 are two corresponding LOS setups respectively. In this chapter,
measurement results from Tx9-Rx2 are presented as an example, similar
results have been found for the other case.

4.3 Estimation of AOAs

Although people were moving around during the measurements, it has
been observed that the measured channels are still fairly static and there-
fore for NLOS scenarios, different subsets of data are selected both over
the frequency and spatial domains with the desired neighboring element
distance in order to get sufficient data to study the channel statistics.
However, the above method is not valid in LOS scenarios, since the domi-
nant part is static and can be different for different frequency subchannels
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and different subsets of channel coefficients being selected.
One natural idea to solve this problem is to estimate and remove the

dominant part from the channel data and then model these two parts
separately. In this section, two AOA estimation methods will be intro-
duced, namely the conventional beamforming method and the determin-
istic maximum likelihood (DML) method. The first approach is a spectral
based method and is designed to estimate the AOA of a single source.
The second method estimates and separates the signals impinging from
the dominant direction from the rest by projecting the channel data to
the null space of this dominant direction.

4.3.1 Conventional Beamforming Method

The conventional beamforming method is also called ‘delay and sum
method’. This method attempts to maximize the power of a weighted
sum of the outputs from the receive antenna elements by steering to all
direction in the interest range. Consider a signal impinging from one
direction. It can be written as

ĥ(t) = γ(t)a(θ) + n(t), (4.1)

where a is the steering vector, γ(t) is the path gain and n(t) is the noise
vector. For a ULA, the steering vector is given as

a(θ) =











1
e−j2π∆cosβ

...
e−j(N-1)2π∆cosβ











, (4.2)

if the spacing between two neighboring array elements is ∆λ and β is the
AOA.

The normalized output power from antenna elements can be expressed
as

PBF =
aH (θ)R̂a(θ)

aH(θ)a(θ)
, (4.3)

where R̂ is the estimated sample covariance matrix. The directions that
maximize the output power are treated as the estimated AOAs. Notice
that this method is designed for a single source case and is statistically
inconsistent for multiple sources. However, for well separated sources,
the conventional beamforming method can still give reasonably good es-
timates of AOAs.
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4.3.2 DML Method

The DML method can be used to estimate the impinging direction of
the LOS path and the associated complex path gain from the measured
channel data at the receive side. The existence of coherent signals can
also be handled. Assume there are d point sources, the estimated ‘vector
snapshot’ ĥ of the received channel responses, i.e. the column vector of
the measured channel matrix H, can be modeled as

ĥ(t) =
d

∑

i=1

γi(t)a(θi) + n(t) = A(θ)γ(t) + n(t), (4.4)

where θi is the angle of arrival (AOA) associated with the ith point
source, A(θ) = [a(θ1), a(θ2), . . . , a(θd)] is the steering matrix, γ(t) =
[γ1(t), γ2(t), . . . , γd(t)]

T is the complex gain vector for different paths and
n(t) is the noise vector. Note that this model is for a SIMO channel and
should not be confused with those models for the MIMO case.

Assume that n(t) is complex white Gaussian noise. By minimizing
the negative likelihood function, the estimation problem boils down to
solving the following non-linear squares problem [Wax85, KV96]

[θ̂, Γ̂] = argmin
θ,Γ

‖ S −A(θ)Γ ‖2
F , (4.5)

where Γ = [γ(t1), . . . , γ(tK)], S = [ĥ(t1), . . . , ĥ(tK)] and t1, . . . , tK are
the time indexes associated with different measured channel realizations.
The above problem results the following estimates

Γ̂ = A†(θ)S (4.6)

and

θ̂ = argmin
θ
VDML(θ), (4.7)

where VDML(θ) = Tr{P⊥
A(θ)R̂} and R̂ is the estimated sample covari-

ance matrix.
The above non-linear optimization problem requires a d dimensional

search. It is sometimes too computationally expensive to be solved and
there is no guarantee that the global minima can be found. When the
number of sources is 1, the conventional beamforming method is equiva-
lent to the DML method. For well separated multiple sources, the con-
ventional beamforming method is close to the DML method.
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Figure 4.2: Normalized beamforming spectrum (transmitted from the
8th transmit antenna element Tx9-Rx2)

4.4 Measurement Results

4.4.1 Conventional Beamforming Method

Although the beamforming method is not designed for multiple sources,
however, in the LOS scenarios, it still can be used to find the dominant
direction since most power is coming from that AOA. Fig. 4.2 shows the
normalized spectrum seen from the receive side when the 8th transmit
antenna element is used. It is clearly shown that the signal from −15◦

apart from the bore-sight of the receive array (orthogonal) is dominant
in this case and thus −15◦ is the AOA associated with the LOS path.
The other AOAs, however, are not detectable from this beamforming
spectrum.

4.4.2 DML Method

Due to the fact that the direct path is dominant and stationary in the LOS
scenarios and only small array apertures are considered, 2-dimensional
search is employed to find the two dominant directions (i.e. searching 2
AOAs simultaneously) in order to decrease the required computation.



46 4 Narrowband Model for LOS Scenarios

1 2 3 4 5 6 7 8
−60

−50

−40

−30

−20

−10

0

10

20

Index of Transmit Antenna Elements

A
O

A
 (

de
gr

ee
)

Dominant Direction
One direction from scatterer
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The directions are searched for different frequency sub-channels and
different transmit antenna elements separately. Fig. 4.3 shows the esti-
mated AOAs for different transmit antenna elements over the 50th fre-
quency sub-channel. In Fig. 4.4, the estimated AOAs associated with the
8th transmit antenna element are plotted. It is shown that the value for
the dominant direction remains fairly constant over the frequency band.
The mean value of the dominant direction from the 8th transmit an-
tenna element is found to be −14.2◦, which agrees with the results from
the beamforming method. The other value, however, is not stable, the
reason behind this is that the number of AOAs is unknown and therefore
by using 2-dimensional DML method, the direction that is not dominant
may not be correctly estimated.

Projecting the channel data to the null space of this direction, we get
the residual channel. Fig. 4.5 shows the beamforming spectra both before
and after the projection. From the figure, it is obvious that the signal
coming from the dominant direction has been removed.

Studying the statistics of the residual channel, it is found that the
signals impinging from the dominant direction amount to above 70% of
the total power in this case. Furthermore, it is found that the residual
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Figure 4.5: Beamforming spectra before and after the projection (trans-
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Table 4.1: List of Narrowband Model Errors (Tx9-Rx2)

2×2 3×3

Ψ(R̂H ,X ⊗Y) 3.62 % 8.03 %

Ψ(R̂H , R̂
Tx
H ⊗ R̂Rx

H ) 3.68 % 8.57 %

Table 4.2: List of Narrowband Model Errors (Tx1-Rx1)

2×2 3×3

Ψ(R̂H ,X ⊗Y) 2.42 % 7.61 %

Ψ(R̂H , R̂
Tx
H ⊗ R̂Rx

H ) 2.53 % 8.41 %

part appears to be Rayleigh distributed and its covariance matrix can be
well approximated by the Kronecker product of the covariance matrices
seen from both ends respectively. Tables 4.1 and 4.2 show the narrow-
band model errors for both two LOS setups respectively. The results
from both the least squares Kronecker factorization and the measured
data are listed. Notice that one should be careful about these numbers
since most of the power has been removed and consequently the SNR of
the residual channel has been lowered. Based on the above results, the
residual channel can be modeled as shown in (2.14).

Even within the main incoming azimuth direction, the channel gain
is found to be frequency dependent. This phenomenon may be explained
by multipath reflections in the ceiling and floor, and possibly in the wall
behind the transmitter from the same azimuth direction. However, it
is still sufficient to model the dominant part as a rank one matrix, for
each frequency sub-channel, to obtain a Rayleigh distributed residual
channel. Therefore the whole narrowband LOS indoor MIMO channel
can be modeled as

H = HD + HR = a(θD)gT
D + (RRx

HR
)1/2G[(RTx

HR
)1/2]T , (4.8)

where HD is the dominant part of the MIMO channel, HR is the residual
channel, θD is the dominant direction and gD is a complex gain vector
with the estimated dominant channel gain from each transmit elements
as its elements.

Monte-Carlo simulations are used to generate 5000 MIMO channel
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realizations according to (4.8) with 2×2 setup. The normalized nar-
rowband MIMO channel capacity is calculated and compared with the
ideal IID MIMO channel based on the CDF. Fig. 4.6 shows the results
from two typical frequency sub-channels. Since the dominant part is
frequency dependent in this case, choosing HD from different frequency
sub-channels may give different channel capacity. The subplot at the
top shows the result that the dominant part is comparable to the resid-
ual channel (the K-factor is about 3dB) while the subplot at the bottom
shows the result when the dominant part is much stronger than the resid-
ual part (the K-factor is about 10dB). Here, the K-factor is defined as
K(dB) = 10log10(PLOS/PNLOS) [Rap96], where PLOS and PNLOS are
the power from the dominant component and the power from multipath
scatterers respectively.

In [MBFK00], it was reported that for one narrowband subset of data,
the LOS environment (empty room) provides even more scattering than
the mixture of NLOS and LOS environment. This result may correspond
to the subplot at the top. However, if taking the received signal power
into account, it appears that the measured LOS scenarios can always
provide higher capacity comparing with the NLOS scenarios due to the
higher SNR at the receiver branch.
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Figure 4.6: CDF of narrowband channel capacity (normalized) for nar-
rowband LOS MIMO channel model and IID MIMO channel. Power
is equally allocated to the transmit elements, the SNR at each receive
branch is 20dB.



Chapter 5

Wideband Models for

NLOS Scenarios

5.1 Background

In Chapters 3 and 4, two narrowband MIMO channel models are pre-
sented for NLOS and LOS scenarios, respectively. The models assume
that the system bandwidth is narrow enough so that the frequency re-
sponse can be treated as a complex valued scalar over the whole band-
width, so-called frequency-flat channel. In many communication systems,
however, the bandwidth is significant and has different frequency response
within the whole bandwidth due to the multipath characteristics of the
propagation channels. Such channels are called frequency-selective chan-
nels and will cause inter-symbol interference (ISI). Different methods have
been proposed to solve the ISI problem, therefore an accurate wideband
model is necessary to test different approaches.

This chapter presents two statistical wideband models based on the
same measurements as in Chapter 3 conducted in Bristol. These mod-
els are suitable for NLOS scenarios. Notice that both the measurement
equipment and scenarios were exactly the same as those described in
Chapter 3. The first model is based on the average power delay profile
and the Kronecker structure that has been extended to each channel tap.
The second model combines a SISO model proposed in [MAS+98] and
the Kronecker structure. These two models will be discussed separately
in Section 5.3.
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5.2 Analysis Methods

5.2.1 Data Model and Channel Capacity

Assume there are M transmit elements and N receive elements. For a
wideband MIMO channel, the input-output relationship can be expressed
in the baseband as

y(τ) = H(τ) ∗ s(τ) + n(τ),

where s(τ) is the transmitted signal, y(τ) is the received signal, n(τ) is
additive white Gaussian noise and ‘*’ denotes convolution. H(τ) here is
a matrix where each element is an impulse response.

It is well known [BW74, PFL01] that when the transmitted power is
equally allocated to each transmit element and frequency sub-channel,
the wideband channel capacity can be expressed as

C =

∫

W

log2det(IN +
ρ

M
H(f)HH(f))df bits/s, (5.1)

where W is the overall bandwidth of the MIMO channel, H(f) is the
normalized frequency response matrix of each narrowband sub-channel
and ρ is the average signal-to-noise-ratio (SNR) at each receiver branch
over the entire bandwidth. Here, we use the same normalization factor
for the frequency response of every narrowband sub-channel such that

∫

W

E(‖ H(f) ‖2
F )df = WNM. (5.2)

5.2.2 Average Power Delay Profile and RMS Delay
Spread

The average power delay profile is used to show how the received power
changes according to a fixed time delay reference. It is found by averaging
every instantaneous power delay profile over the whole measurement time.

The root mean square (RMS) delay spread is a measure of channel
dispersive property. It is defined as the square root of the second central
moment and can be calculated as [Rap96]

στ =

√

τ̄2 − (τ̄ )2, (5.3)

where

τ̄ =

∑

l a
2
l τl

∑

l a
2
l

(5.4)
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and

τ̄2 =

∑

l a
2
l τ

2
l

∑

l a
2
l

(5.5)

are the first moment (also called mean excess delay) and second moment
of the instantaneous power delay profile respectively. Here, l is the index
of taps, al is the complex tap amplitude and τl is the excess delay relative
to the first detected signal.

5.2.3 Second Order Moments

For a wideband MIMO channel, it is interesting to see whether the Kro-
necker structure (2.14) can be extended to each channel tap. The trans-
mit, receive and channel covariance matrices for the lth tap are defined
as

Rl
Tx = E[((hl

i)
Hhl

i)
T ], for i = 1, . . . , N (5.6)

Rl
Rx = E[hj

l (h
j
l )

H ], for j = 1, . . . ,M (5.7)

Rl
H = E[vec(Hl)vec(Hl)

H ], (5.8)

where Hl is the lth tap of the channel matrix, hl
i is the ith row of Hl

and h
j
l is the jth column of Hl.

To measure the difference between channel covariance matrix Rl
H

and the Kronecker product of two covariance matrices Rl
Tx and Rl

Rx,
the residual Ψ(Rl

H ,R
l
Tx ⊗Rl

Rx) defined in (3.12) is used. Furthermore,
since each tap has a different power, the wideband model error, Υ, is
therefore defined to give different weights to each tap according to the
average power delay profile, i.e.

Υ =

√

∑

l p̄
2
l ‖ Rl

H −Rl
Tx ⊗ Rl

Rx ‖2
F

∑

l p̄
2
l ‖ Rl

H ‖2
F

, (5.9)

where p̄l is the average power for the lth tap.

5.2.4 Channel Impulse Response and HiperLAN/2
Channel

As stated in Section 3.2, the measurements were carried out in the fre-
quency domain and therefore, we use the inverse Fourier transform to
regenerate the MIMO channel impulse response. Hanning windowing is
used to lower the sidelobe effects.
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The HiperLAN/2 standard is a European standard for wireless local
area networks (WLAN). It can provide high data rate between broadband
core networks and mobile terminals. Each HiperLAN/2 channel has 20
MHz bandwidth and orthogonal frequency division multiplexing (OFDM)
technique is used. More details on HiperLAN/2 standard can be found
in [ETS01]. We will simulate and discuss the capacity characteristics of
HiperLAN/2 channels shortly.

5.3 Measurement Results

In this section, unless otherwise stated, the data set measured at a single
pair of transmitter location (Tx13) and receiver location (Rx3) are used
as an example. Similar results are found for the other four pairs of trans-
mitter and receiver locations. As stated in Chapter 3, the channel is quite
stationary within the 5.3s measurement time and thus only pairs of 2 and
3 neighboring elements have been used with different subsets of elements
being selected in order to get sufficiently many MIMO channel realiza-
tions. Notice that no Doppler frequency shift is considered in MIMO
channel modeling due to the low mobility of the measured scenario.

5.3.1 Model I

In this part, we will focus on modeling 20 MHz HiperLAN/2 MIMO
channels, therefore 120 MHz measurement bandwidth can generate 6
parallel channels and these channels are also treated as different MIMO
channel realizations.

Average power delay profile

Fig. 5.1 shows the average power delay profile for one SISO channel over
800ns excess delay. It is observed from the figure that most of the power
arrives between 100ns – 400ns of the channel impulse responses.

Kronecker structure

The channel covariance matrix Rl
H for the lth tap is then calculated and

compared with the Kronecker product of the covariance matrices Rl
Tx

and Rl
Rx seen from the transmitter and receiver respectively.

For a 3×3 setup, the relative residuals, Ψ(Rl
H ,R

l
Tx ⊗Rl

Rx), for each
tap are presented in Fig. 5.2. For comparison, the residuals from the
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Figure 5.1: Average power delay profile (20 MHz bandwidth)
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Figure 5.2: Residuals of the Kronecker structure (20 MHz bandwidth,
3×3 setup)
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optimal Kronecker factorization are plotted in the same figure as well. It
is shown that the difference between the residuals from the least squares
Kronecker separation and that from the measured data is small. Note
that only residuals of 7 successive taps that have higher SNR are plotted.
It is also shown that the wideband model error, Υ, is below 10% (for
2×2 case, the wideband model error is below 5%). Based on the above
results, we conclude that for each tap, the channel covariance matrix can
be approximated reasonably well by the Kronecker structure in NLOS
indoor scenarios.

Wideband MIMO Channel model

Combining the average power delay profile for the SISO channel and the
Kronecker structure for each tap, the wideband MIMO channel matrix
can be modeled as (2.16)

Hl = (Rl
Rx)1/2Gl(R

l
Tx)T/2,

where Hl is the lth tap of MIMO channel impulse response H, Gl is the
matrix with IID zero mean complex Gaussian elements with power p̄l.
The power of each matrix element of the lth tap, p̄l, can be determined
from the average power delay profile in Fig. 5.1.

5000 MIMO channel impulse responses are generated by Monte-Carlo
simulations with 2×2 and 3×3 setups. The discrete Fourier transform is
used to transform the simulated impulse response back into the frequency
domain and the capacity of the narrowband MIMO channel is calculated
and compared with that from the measured data, see Fig. 5.3. Both
curves show reasonably good agreement between the measured data and
our wideband model.

Simulations of HiperLAN/2 channels

The above wideband model is used to generate 5000 realizations of a 20
MHz HiperLAN/2 MIMO channel with 2×2 and 3×3 setup respectively.
Fig. 5.4 shows the CDF of the capacity that a 20 MHz HiperLAN/2
channel can provide. Note that 20 MHz bandwidth is fully used, no
bandwidth for guard and pilot tones is considered. Again, the results
from the wideband model fits those from the measured data well. It is
also shown that with 99% outage probability, one HiperLAN/2 channel
can provide capacity up to 170 Mbits/s (2×2 setup) and 250 Mbits/s
(3×3 setup).
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Figure 5.3: CDF of narrowband channel capacity (normalized). Power
is equally allocated, the SNR at the receive side is 20dB
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Figure 5.4: CDF of HiperLAN/2 MIMO channel capacity. Power is
equally allocated, the SNR at the receive side is 20dB
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Figure 5.5: Average power delay profile (120 MHz bandwidth)

5.3.2 Model II

Here, we present another wideband MIMO channel model that combines
a simple SISO model with the Kronecker structure of the second order
moments. Conceptually, this model is a tapped delay line model and is
similar to the model described in Section 5.3.1. The main difference is
that in this model, each wideband SISO channel is modeled based on
the measured RMS delay spread. This model will be used to simulate a
MIMO channel with 120 MHz bandwidth and the channel capacity will
be compared with the capacity from the measured data.

Average power delay profile and RMS delay spread

The average power delay profile for one SISO channel is shown in Fig. 5.5.
Note that with 120MHz bandwidth, this profile has better time resolution
than that has been shown in Fig. 5.1. Furthermore, it is observed that
the curve fits the exponential decay curve quite well. Similar observations
were reported in [MAS+98, GP91, Has93, PMF00]. The CDF of the
corresponding RMS delay spread is shown in Fig. 5.6 and the mean RMS
delay spread in this case is 36.7ns. For the other transmitter locations,
the mean RMS delay spread varies between 30 to 40ns. These figures
match the RMS values reported in [Mol91] well.
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Figure 5.6: CDF of RMS delay spread of channel coefficient from mea-
sured data and wideband model (120 MHz bandwidth)

Based on the information of channel variation shown above, assume
that each channel tap is independent zero mean complex Gaussian, the
following simple SISO model proposed in the European research initiative
COST 259 [MAS+98] is used to model each channel coefficient. Note that
this wideband MIMO channel model is flexible since other SISO models,
e.g. [SV87], can also be used as long as the models are based on the
assumption that each tap is zero mean complex Gaussian.

h(τ) =

L
∑

l=1

alδ[τ − (l − 1)∆τ ], (5.10)

where ∆τ is the time spacing between neighboring taps, τ is the time
delay and al ∈ CN (0, p̄l) is the complex tap amplitude associated with
the lth tap. The average power of the lth tap, p̄l, is modeled as

p̄l = Aexp[− (l− 1)∆τ

2Γ
], (5.11)

where Γ is the mean RMS delay spread, A is the normalization factor.
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Figure 5.7: Residuals of the Kronecker structure (120 MHz bandwidth,
2×2 setup)

Table 5.1: List of Wideband Model Errors (Υ)

2×2 setup 3×3 setup
Tx11 4 % 8 %
Tx12 7 % 14 %
Tx13 8 % 19 %
Tx14 8 % 13 %
Tx15 6 % 16 %

Kronecker Structure

Calculating the channel covariance matrix Rl
H and comparing with the

Kronecker product of the covariance matrices Rl
Tx and Rl

Rx, the results
are given in Fig. 5.7 and Table 5.1. For a 2×2 case, the relative residuals
for each tap between are plotted in Fig. 5.7 along with those from the
optimal least squares Kronecker factorization. Only 38 out of 97 suc-
cessive taps that have significant SNR are plotted. Table 5.1 lists the
wideband model errors for different transmit locations and setups. It is
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Figure 5.8: Frequency correlation function

shown that the wideband model errors are below 20% for the worst case.
Therefore we conclude that for each tap, the channel covariance matrix
can be approximated by the Kronecker structure reasonably well.

Wideband MIMO Channel model

Combining the SISO model described before and the Kronecker structure
for each tap, the wideband MIMO channel matrix H(τ) can be modeled
as

H(τ) =

L
∑

l=1

(Rl
Rx)1/2Gl(R

l
Tx)T/2δ[τ − (l − 1)∆τ ], (5.12)

where Gl is the matrix with IID zero mean complex Gaussian elements
and the average power p̄l of each element can be modeled as shown in
(5.11).

1000 MIMO channel impulse responses are generated by Monte-Carlo
simulations with 2×2 and 3×3 setups and the Fourier transform is used
to obtain the frequency channel response. The CDF of the RMS delay
spread for the simulated SISO channel is plotted in the same figure as the
measured data, see Fig. 5.6. Estimate the frequency correlation function
R(k, 0) as R(k, 0) = 1

K

∑K−k
i=1 hH(fi, t)h(fi+k, t), k ≥ 0 [HP92, PL95],
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Figure 5.9: CDF of narrowband channel capacity (normalized). Power
is equally allocated, the SNR at the receive side is 20dB

where h(fi, t) is the complex frequency response associated with fre-
quency fi at time t and K is the number of frequency sub-channels.
Fig. 5.8 shows the estimated frequency correlation function from the mea-
sured data as well as that from the simulations. Both figures show that
the simulation results match the measured data reasonably well. Again,
the capacity of the narrowband MIMO channel is calculated and com-
pared with that from the measured data, see Fig. 5.9. Reasonably good
agreement between the measured data and the wideband model is found.

Simulations of HiperLAN/2 MIMO channels

For a system with 120 MHz bandwidth, 6 HiperLAN/2 channels can be
provided. In this part, we will use the above wideband model to simulate
a 120 MHz MIMO channel with 2×2 and 3×3 setups and the results can
be found in Fig. 5.10 and Fig. 5.11.

Fig. 5.10 shows the CDF of the capacity that one 20 MHz Hiper-
LAN/2 channel could provide. Good agreement can be found between
the wideband model and the measured data. Furthermore, it is shown
that with 99% outage probability, one HiperLAN/2 channel could provide
capacity around 170 Mbits/s (2×2 setup) and 250 Mbits/s (3×3 setup).
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Figure 5.10: CDF of 20 MHz MIMO Channel Capacity. Power is
equally allocated, the SNR at the receive side is 20dB
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Figure 5.11: CDF of 120 MHz MIMO Channel Capacity. Power is
equally allocated, the SNR at the receive side is 20dB
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These values match those reported in Model I well. It is also observed
that the generated 6 parallel HiperLAN/2 channels have similar capacity
characteristics.

In Fig. 5.11, the capacity for a channel with an overall 120 MHz
bandwidth is presented. Again, it is observed that the curves from the
model fit the curves from the measured data. The 99% outage channel
capacity of the whole 120 MHz MIMO channel is above 1100 Mbits/s
and 1600 Mbits/s for 2×2 and 3×3 setups respectively. These values are
higher than 6 times the capacity value of 20 MHz HiperLAN/2 channels
shown in Fig. 5.10, which indicates the existence of frequency diversity
gain, see also [MST+02].



Chapter 6

Conclusions and Future

Research

6.1 Concluding Remarks

To design a MIMO communication system and predict its perform, ac-
curate MIMO channel models are of great importance. This thesis has
focused on modeling MIMO radio channels for different scenarios and
bandwidths. A brief review on some published works has been given con-
cerning MIMO radio channel modeling issues. Models have been divided
into non-physical and physical approaches. In the thesis, the non-physical
models proposed are all based on indoor MIMO channel measurements.
A multiplicative structure of either the channel covariance matrix or the
power correlation matrix has been exploited to model the MIMO chan-
nel. Most of the physical models, on the other hand, have postulated
a scattering environment and derived a MIMO channel model involving
scattering parameters. Still, an accurate description of the cross correla-
tion between pairs of channel coefficient is one of the important modeling
aims. In [WJ01b, Mol02], two parametric physical models were proposed
where the characteristics of the parameters were based on the results of
the previous field measurements. The relationships between these differ-
ent models have been discussed.

Based on experimental MIMO radio channel measurements at 5.2
GHz, it has been found that for NLOS indoor MIMO scenarios, the el-
ements of the narrowband channel matrix are zero-mean complex Gaus-
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sian. Moreover, it has been shown that the channel covariance matrix can
be well approximated by the Kronecker product of the covariance matri-
ces at the transmitter and receiver respectively. A narrowband model
for the NLOS indoor MIMO channel has been introduced based on this
second order statistical structure.

To model the LOS scenarios, the dominant component has been esti-
mated and removed from the measured channel data at the receive side.
It has been found that the residual part is Rayleigh distributed and can
be modeled as in NLOS scenarios. Therefore the narrowband LOS MIMO
channel has been modeled as a static rank one matrix plus a statistical
model for NLOS indoor scenarios.

Two statistical wideband models have been presented in this thesis.
One is based on the average power delay profile and the Kronecker struc-
ture of channel covariance matrices for each channel tap. Another model
combines this Kronecker structure with a simple SISO channel model
proposed in COST 259.

Monte-Carlo simulations have shown good agreement between the
measured data and the proposed statistical channel models.

6.2 Future Research

Further research is still required in the MIMO channel modeling area.
The following issues deserve more thorough investigation:

• Initial simulations show that the one-ring model does not obey the
Kronecker structure as shown in (2.10). Narrowband model errors
are large when both the BS and MS have high covariances between
neighboring antenna elements. Similar simulation results are re-
ported in [Sva01a] using EM scattering model to simulate both
micro-cell and indoor environments. The two-ring model has this
structure, however the channel coefficients are not complex Gaus-
sian variables. Therefore theoretical analysis of the non-physical
models and validation of the physical models from measurements
are required to bridge the gap between these two groups of models.
An initial theoretical derivation of the Kronecker structure under
certain conditions can be found in [BYO01]. A validated physi-
cal model can greatly reduce the number of required measurements
and thus decrease the R&D costs when designing and evaluating a
system.
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• It has been found that for moderate antenna array sizes, the non-
physical models described in Chapters 3 and 5 have small model
errors and can describe the measured MIMO channels well. How-
ever, when the array sizes increase, the model errors begin to in-
crease as well. With large array sizes, it is possible to resolve more
individual rays. Therefore, a physical model appears to be a good
candidate to model the MIMO channels with large antenna aper-
tures. MIMO channel measurements with large antenna apertures
are also necessary in order to validate the proposed physical models.

• Most published MIMO channel models assume NLOS scenarios.
However, under certain circumstances, the dominant stationary
component exists. These channels need to be modeled as well. In
Chapter 4, the dominant component is estimated and modeled sep-
arately from the receive side. Another interesting idea is to estimate
pairs of AODs and AOAs jointly at both ends and then model the
dominant component based on the estimates. There are, of course,
other methods to model such channels as well.

• Few outdoor MIMO channel models have been reported based on
MIMO channel measurements [SBE+02]. The outdoor scenarios
are very different from the indoor scenarios. For instance, in the
indoor scenarios, the Doppler shift is small while the outdoor sce-
narios may have relatively large Doppler shift. Therefore, to com-
pare and validate those models for the outdoor MIMO propagation
channels, models based on outdoor MIMO channel measurements
are necessary.





Appendix A

Modeling Results from A

Measured OLOS Scenario

This Appendix presents the narrowband modeling results from an indoor
measurement campaign. The measurements have been conducted in the
time domain and the measured scenario is slightly different from that
reported in Chapter 3. The same analysis methods as used in Chapter 3
have been employed.

A.1 Measurement Description

The measurements were carried out by Telia Research at the Scandina-
vian Center in Malmö, Sweden. The general planning of the floor consists
of office rooms, open spaces and corridors. The transmitter was located in
an office room and the receiver was set in an indoor open area. The mea-
sured channel is referred to as a typical obstructed line-of-sight (OLOS)
scenario and the distance between the transmitter and receiver was 10
– 15m. Here the OLOS scenarios are slightly different from the NLOS
scenarios. In OLOS scenarios, although the LOS path is obstructed by
one or two walls, the signal passing through these walls may still be domi-
nant [BMS89, ARY95, Mol91]. Therefore, before modeling such channels,
the characteristics of the channel should be studied. Figure A.1 shows
an overview of the measurement site, the transmitter was positioned in
room 322 and the receiver was in the open area as marked ‘Rx’.

The measurements were conducted at 5.8 GHz carrier frequency. By



70 A Modeling Results from A Measured OLOS Scenario

Figure A.1: The measurement site at Telia Research. The transmitter
was positioned in room 322 and the receiver was marked by ‘Rx’

transmitting a pseudo-random noise (PN) sequence of rate 200 MHz at
the transmit side and correlating with the same synchronous sequence at
the receive side, complex impulse responses were measured and saved in
the time domain. The sampling rate was 1ns at the receive side during
the measurement.

The data was collected using a synthetic antenna array. The transmit-
ter and receiver were synchronized. Both antennas were of monopole type
and the transmit power was 32dBm. The transmit antenna was moved
between seven different positions separated by 300mm, i.e., ∆Tx ≈ 6λ.
Of these seven positions, three are used. For each of the seven transmit-
ter positions, the receive antenna was moved linearly between 21 different
positions using a step motor on a track. The distance between two neigh-
boring positions is 13mm (∆Rx ≈ λ

4 ). In total, this corresponds to spatial
measurements over about five wavelengths. At each combination of trans-
mit and receive positions 20 samples were taken. The measurement time
for the 20 samples was about 50ms and the excess delay window was
300ns. All measurements have been performed under controlled condi-
tions, in order to provide a static indoor environment that is required by
this measurement procedure.

The Fourier transform was used to transform the measured data into
the frequency domain. During the measurements, the surrounding area is
kept stationary and the SNR is higher than 20dB. Since correlating with
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Figure A.2: CDF of the envelope of the channel coefficient for OLOS
indoor MIMO scenario and the fitted Rayleigh distribution envelope (nor-
malized).

a PN sequence results a sinc-shaped spectrum at the receiver, to keep the
spectrum flat, 40 MHz frequency bandwidth at the center is used in the
analysis.

More information about the measurement setup and environment can
be found in [KBBP00].

A.2 Channel Distribution

The distribution of the elements of the MIMO channel matrix has been
investigated by examining the CDF of both the envelope of the channel
coefficient and the phase of channel coefficient. Fig. A.2 shows the re-
sult of the envelope distribution of the channel coefficient with the fitted
Rayleigh distribution envelope. There is good agreement between the two
CDF curves. It is also observed in Fig. A.3 that the phase of the channel
coefficient is uniformly distributed over [−π, π]. Hence, we conclude that
the elements of the MIMO channel matrix are well modeled as zero-mean
complex Gaussian in this OLOS indoor measurement scenario.
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Figure A.3: CDF of the phase of the channel coefficient for OLOS indoor
MIMO scenario and the fitted uniform distribution curve (normalized).

A.3 MIMO Channel Modeling Results

The estimated sample covariance matrices for the 2 × 2 setup are given
below. Notice that the correlation at the receive side is higher than the
correlation at the transmit side since the transmitter has larger intra-
element distances.

R̂Tx
H =

[

1.062 0.303− j0.049
0.303 + j0.049 0.938

]

,

R̂Rx
H =

[

0.986 0.361− j0.379
0.361 + j0.379 1.014

]

,

R̂H =








1.044 0.358− j0.374 0.296− j0.047 −0.031− j0.135
0.358 + j0.374 1.080 0.264 + j0.088 0.309− j0.052
0.296 + j0.047 0.264− j0.088 0.927 0.365− j0.383
−0.031 + j0.135 0.309 + j0.052 0.365 + j0.383 0.949









.

Calculating the sample covariance matrices at both ends and using
the least squares Kronecker factorization method introduced in Chap-
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Table A.1: List of Narrowband Model Errors for 3 different setups

Ψ(R̂H ,X ⊗Y) Ψ(R̂H , R̂
Tx
H ⊗ R̂Rx

H )
2×2 11 % 11 %
2×3 11 % 13 %
2×4 12 % 14 %

ter 3, the narrowband model errors are listed in Table A.1. The first
column shows how well the channel covariance matrix is modeled by the
Kronecker product of the two sub-matrices, using the optimal Kronecker
factorization. The second column shows the errors between the channel
covariance matrix and the Kronecker product of the sample covariance
matrices at the transmitter and the receiver respectively.

The narrowband model errors are below 15% for all three setups, and
can thus explain at least 85 % of the received signal power. Notice that
the narrowband model errors in this OLOS scenario are slightly larger
than the ones given in Chapter 3.

Monte-Carlo simulations have been used to generate 500 channel re-
alizations according to the model (2.14). The CDF of the channel ca-
pacity and the singular values are compared with those obtained from
the measurements data. The results are shown in Fig. A.4 and Fig. A.5
respectively. From these figures we note that both the channel capacities
and the singular values of channel matrices, obtained from the measured
data, are well described by the model.

Notice that this model can be extended to those OLOS environments
where the dominant path still exists, by adding a separate model for the
dominant component similar to that introduced in Chapter 4.
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