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Abstract

In inter-vehicular environments, the scattering environment can change very
rapidly, due to(i): the mobility of the vehicles,(ii): the relatively low height
of the antennas (with no elevated base stations) and(iii): the potentially large
number of scatterers located in the environment surrounding the Transmitter
(Tx) and Receiver (Rx) vehicles.

As a result, the underlying fading process is intrinsically time-, frequency-
and space-varying, i.e. its statistical properties do remain constant only over
short (bounded) time, frequency and angular intervals, respectively. In other
words, inter-vehicular radio propagation channels are significantly different
from the (already well-known) ones of other wireless cellular networks,such
that dedicated measurement campaigns and realistic radio propagation channel
models are required in order to exploit fully all their potentialities.

The main contributions and findings of this thesis can be summarized as
follows:

• Two measurement campaigns of Vehicle-to-Vehicle (V2V) radio propa-
gation channels were carried out in collaboration with Aalto University
(Helsinki, Finland). For that purpose, Multiple-Input Multiple-Output
(MIMO) communication systems (with dimensionsNr ×Nt = 30× 30
andNr × Nt = 30 × 4, respectively) were extensively investigated at
a carrier frequency of 5.3 GHz, in several environments and scenarios
very specific to Intelligent Transportation Systems (ITS),

• The validity of both the Wide-Sense Stationarity (WSS) and Uncorre-
lated Scattering (US) assumptions is assessed by means of the Corre-
lation Matrix Distance (CMD), in order to characterize the amount of
change (over time and frequency, respectively) in the spatial structureof
either narrowband or wideband MIMO radio propagation channels. Typ-
ical stationarity distances and frequency bandwidths are in both cases
approximately 10 to 40 m long and 40 to 50 MHz wide, respectively,
depending on the variability and richness of the scattering environment
that is surrounding the Tx and Rx vehicles. In other words, the non-
stationary behavior of vehicular radio propagation channels is much
more critical in over time than over frequency.

• The non-stationary fading statistics of vehicular radio propagation chan-
nels are characterized stochastically, over the so-identified stationarity
intervals (for the first time in the literature, to the author’s best knowl-
edge). The time- and space-dependent behavior of the Ricean K-factor



and the Root-Mean Square (RMS) delay spread is strongly related to
changes in the richness of the surrounding scattering environment as
well as on the presence (or not) of a strong Line-of-Sight (LoS) compo-
nent between the Tx and Rx vehicles,

• A vehicular Geometry-based Stochastic Channel Model (GSCM) is pro-
posed. Such an approach is indeed particularly well-suited for the mod-
eling of non-stationary radio propagation channels since each discrete
scatterer is defined and characterized separately: the radio wave prop-
agation is in that case modeled with very simplified ray-tracing meth-
ods and the scattering aspects with a classical fading model. A purely
stochastic description of the diffuse scattering is also included in the
GSCM. The proposed GSCM is completely parameterized and validated
for Single-Input Single-Output (SISO) systems.

Keywords: Radio wave propagation, MIMO channel measurements, MIMO
channel modeling, Non-stationarity, Channel characterization, GSCM.
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CHAPTER 1
Introduction to non-stationary

radio propagation channels

In recent years, mobility has become more and more crucial in our society.
The number of vehicles driving on the roads has indeed exploded all over the
world, either for domestic and social usage or freight transport. Unfortunately,
this need in mobility has also some negative sides, which can be either

• Societal, since it has brought an increase of deaths and injuries in road
accidents [1]. In 2004, the number of road deaths was hence estimated
to more than3000 every day around the world. On current trends and
if nothing changes, the total number of deaths and injuries in road acci-
dents worldwide is expected to grow by approximately65% (and up to
80% in low- and medium-income countries),

• Ecological, since abrupt car driving and traffic congestions have led to
a significant increase of fuel consumption andCO2 emissions [2]. In
2010, road transport was responsible for17% of worldwideCO2 emis-
sions from fuel combustion (22.7% for OCDE countries) and15% of
overall greenhouse gas emissions. Light-duty (passenger) vehicles ac-
count for up to65% to 70% of the overall road sectorCO2 emissions,
which are forecast to rise by approximately40% within 2030.

Hence, simultaneous efforts at the social, economical and technological levels
have to be considered so as to address these challenges.

One possible solution consists in the development of Vehicle-to-Vehicle
(V2V) wireless communication systems as an important part of more global
architectures dedicated to Intelligent Transportation Systems (ITS). Eachve-
hicle would then act as a node in a peer-to-peer distributed network, exchang-
ing warning notifications (regarding traffic conditions, road accidents ahead,
the passing of vehicles with high priority as firetrucks or ambulances, etc.)
or driving assistance (e.g. for collision avoidance, wrong-way driving, lane
changing, etc.) in order to make the driving experience safer and more effi-
cient (and hence more friendly) for the users. Such active road safety applica-
tions require highly reliable transmission of data within short bounded delay
intervals (i.e. with no retransmission of lost or corrupted data), at low data
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rates. Besides these road safety applications, vehicular wireless communica-
tion systems are also intended to support more commercial ones, dedicated to
entertainment (e.g. social networking, movie or music streaming, multimedia
services, etc.) or services (e.g. automatic payment, map updating, etc.), which
would require higher data rates.

For that purpose, car manufacturers, road and infrastructure operators are
collaborating since 2006 to the development of the Wireless Access in Ve-
hicular Environments (WAVE) initiative, which aims at providing a reliable
low-latency vehicular connectivity for ITS. For that purpose, an international
standard, IEEE 802.11p [3], has been developed for vehicular communication
systems and has gained an increasing importance all over the world (e.g. in
North America [4], in Europe [5, 6, 7], in Japan [8], etc.). This standard is
based on the well-known WiFi technology and operates in the5.9 GHz band.

The development and the deployment of a reliable vehicular wireless com-
munication system require a deep understanding of the underlying radio propa-
gation channels. However, they differ significantly from those of other cellular
wireless networks, which have already been widely explored in the literature,
as they are intrinsically strongly time-varying (and therefore non-stationary).
Such differences can be explained by(i): the mobility of the Transmitter (Tx)
and Receiver (Rx) vehicles with possible high velocities,(ii): the relatively low
height positions of the Tx and Rx antennas (with no base station) and(iii): the
potentially large number of scatterers located in the environment surrounding
the Tx and Rx vehicles. As a consequence, dedicated measurement campaigns
as well as realistic radio propagation channel models are required in order to
deeply understand vehicular radio propagation channels and to exploit all their
potentialities. These different tasks have been addressed since 2006 ina large
number of papers, stemming from several research groups, and havealready
been the object of various surveys [9, 10].

The remainder of this Chapter is structured as follows: Section 1.1 de-
scribes the radio wave propagation occuring in Multiple-Input Multiple-Output
(MIMO) radio propagation channels. Section 1.2 introduces the conceptof
non-stationarity of the radio propagation channel and different metrics for its
characterization in MIMO radio propagation channels. Section 1.3 provides
a review of different possible approaches for the modeling of radio propaga-
tion channels. Section 1.4 is dedicated to the experimental characterization of
inter-vehicular radio propagation channels. Finally, Section 1.5 presentsthe
outline of the thesis and my contributions.
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1.1 MIMO radio propagation channels

1.1.1 Multipath propagation aspects

In any wireless communication network, the radio propagation channel is the
medium through which a signal is transmitted from the Tx to the Rx side. At
the Tx side, electromagnetic waves are emitted in multiple directions. Each
wave interacts differently with the surrounding environment, via various phys-
ical propagation phenomena. These interactions are assumed to occur only in
the far-field of the antennas, such that the transmitted waves can be assumed as
being planar and described using ray-optical approximations. The possible in-
teractions consist in specular reflections, waveguiding, diffraction, scattering,
absorption or any combination between these [11]. Hence, multiple realiza-
tions of the transmitted signal can be observed at the Rx side, with individual
amplitudes, propagation delays, directional characteristics, etc.

For a given Tx-Rx antenna link, the instantaneous Impulse Response (IR)
of the radio propagation channel is the linear coherent superposition ofall
these multipath components. This superposition can be either constructive or
destructive (as the phase of the multipath components is random), hence yield-
ing fading, and may significantly deteriorate the quality of the received signal.
All the frequencies of the transmitted signal being affected by different multi-
path components, the fading is said to be frequency selective. Moreover, the
radio propagation channel varies over time, owing to the possible motion of
the Tx, the Rx and the scatterers (especially in vehicular environments). Each
multipath component undergoes a different Doppler frequency shift, and the
radio propagation channel is said to be time selective.

The Single-Input Single-Output (SISO) radio propagation channel, with
a single antenna at the Tx and Rx sides, is completely described by its IR
h(τ ; t), which relates the input signalx(t) at the Tx side and the output signal
y(t) at the Rx side through the convolution operation

y(t) = h(τ ; t) ∗ x(t) + n(t), (1.1)

wheren(t) denotes additive noise at the Rx side. Fig. 1.1 shows an example
of measured time-frequency selective IRs.

1.1.2 Narrowband radio propagation channels

For a narrowband radio propagation channel (i.e. when the system hasa small
bandwidth, such that all the multipath components arrive at the Rx side within
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Figure 1.1: Example of measured time-variant IRs.

a single delay tap), the radio propagation channel can be modeled as

h = G
1/2
0

(
d

d0

)−n/2

︸ ︷︷ ︸
1.

SLS︸︷︷︸
2.

sss︸︷︷︸
3.

, (1.2)

where each of these three processes characterizes a different propagation phe-
nomenon, namely

1. Pathloss, which describes the deterministic and (monotonic) decay of the
received power as the distanced between the Tx and the Rx increases.
It is usually parameterized by an attenuation coefficient, whose value
depends on the investigated environment.

Pathloss exponents around1.8 - 1.9 were reported on highways with
light trafic conditions [12, 13, 14] and in rural environments [14]. These
values show good agreement with the two-ray (waveguiding) model, i.e.
with a ground reflection, [14, 15].

In sub-urban environments, a break point model was found to be suit-
able, with pathloss exponents of2.3 - 2.7 up to a distance of100 m,
and around3.8 - 4 beyond that distance [16]. In urban environments,
pathloss exponents of1.6 - 1.9 were typically measured [14, 15, 17],

2. Large-scale fading, which describes the fluctuations of the radio prop-
agation channel gain over large distances, typically hundreds of wave-
lengths, due to the presence of large obstacles shadowing the propaga-
tion of multipath components.
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Figure 1.2: Variations of the received power level in a highway scenario. The
distance decay and the low-pass filtered signal are also provided.

It is usually modeled as a lognormal random variable, which accounts
for the large-scale variations of the received power around the pathloss
curve, with Probability Density Function (PDF) given by

f(x ; µLS, σLS) =
1√

2πσLSx
e
−
(ln x−µLS)

2

2σ2
LS , (1.3)

whereµLS andσ2LS are the mean and variance of the corresponding nor-
mal random variable, respectively. Moreover, the large-scale fadingis
usally correlated, with autocorrelation function decaying exponentially
with the distance.

The variance is usually found to be relatively low whatever the environ-
ment, with typical values around1.5 - 3.3 dB in Line-of-Sight (LoS)
conditions [13, 14, 15] and around6.1 - 6.7 dB in non-LoS conditions
[18]. Typical decorrelation distances of approximately5 m are reported
in urban environments and of23 m (resp. 32 m) on highways in LoS
(resp. non-LoS) conditions [18],

3. Small-scale fading, which describes the fluctuations of the radio prop-
agation channel gain over short distances, typically a few wavelengths,
due to constructive or destructive interferences between the multipath
components at the Rx side. Assuming a large number of isotropic mul-
tipath components, the central limit theorem yields that the small-scale
fading is a zero-mean complex-normal random variable with variance



6 Introduction to non-stationary radio propagation channels

σ2ss. Its envelope thus follows a Rayleigh distribution with PDF

f(x ; σss) =
x

σ2ss
e
− x2

2σ2
ss, x ≥ 0. (1.4)

Note thatσ2ss= 0.5 when the small-scale fading has unit average power.
If now a strong coherent (non-fading) component dominates the others,
then the small-scale fading has non-zero mean complex-normal samples
and its envelope follows a Rice distribution with PDF given by

f(x ; σss,K) =
x

σ2ss
e
−

(

K+ x2

2σ2
ss

)

I0

(√
2K

σss
x

)
, x ≥ 0. (1.5)

where the K-factor describes the ratio between the average power of the
specular and the diffuse components of the signal. Note that2σ2ss =
1/(K + 1) when the small-scale fading has unit power. A Ricean K-
factor close to0 indicates strong fading conditions (i.e. it reduces to the
Rayleigh case), while larger values imply less fading variations. Though
the Ricean distribution is often associated with the presence of a LoS
component [19], it can also arise in presence of a strong coherent spec-
ular reflection, e.g. on a static scatterer located in the vincinity of the Tx
or Rx vehicles [11].

Alternatively, the envelope of the small-scale fading can be described by
the flexible Weibull distribution, with PDF given by

f(x ; α, β) =
β

α

(x
α

)β−1
e−(

x
α)

β

, x ≥ 0, (1.6)

whereα andβ are the scale and shape parameters of the Weibull distri-
bution, respectively. Note thatα = 1/

√
Γ (1 + 2/β) when the small-

scale fading has unit power, whereΓ (·) denotes the Gamma function.
The shape parameterβ is often used as an indicator of the fading sever-
ity: β = 2 yields indeed the Rayleigh distribution, whileβ < 2 de-
notes “worse than Rayleigh” fading [20, 21, 22]. However, although
the Weibull distribution is mathematically tractable for analytical inves-
tigations, it cannot be related to any physical interpretation (unlike the
Rayleigh and Ricean distributions).

Note that the model in Eq. (1.2) inherently includes not only the radio propa-
gation channel but also the influence of the Tx and Rx antenna patterns and of
the corresponding Radio-Frequency (RF) cables, as shown in Fig. 1.3. Hence,
this model is very specific to the antenna arrays that have been used to param-
eterize the model.
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Figure 1.3: Block diagram of the measurement system, including the definition
of the radio propagation channel as defined in Eq. (1.2).

1.1.3 Multidimensional radio propagation channels

Double-directional SISO radio propagation channels

In a three-dimensional environment, the directional IR of the radio propagation
channel can be expressed as the linear (coherent) time-variant superposition of
L multipath components, such that [11, 23, 24]

h(τ ; t ; ΩTx ; ΩRx) =

L−1∑

l=0

ej2πνlt gRx(ΩRx,l) al gTx(ΩTx,l) δ(τ − τl), (1.7)

whereτl, al, νl andΩTx,l andΩRx,l denote the time-variant delay, complex am-
plitude, Doppler shift, Angle-of-Departure (AoD) and Angle-of-Arrival (AoA)
of the lth multipath component, respectively. The AoD is determined by the
azimuth angleφTx,l and the elevation angleθTx,l (the AoA being defined in a
similar manner). Moreover,gTx(ΩTx,l) andgRx(ΩRx,l) are the complex field
patterns of the Tx and Rx antennas in the directionsΩTx,l andΩRx,l, respec-
tively. Hence, the amplitudeal of thelth multipath component does not depend
on the kind of antenna arrays that are used at both link ends. Moreover, the to-
tal numberL of multipath components can vary over time, as some interactions
may appear or disappear owing to the motion of the Tx, Rx or scatterers.

If now linearly dual-polarized antennas are used at both the Tx and Rx
sides (which consist of two elements with orthogonal polarizations, e.g. verti-
cal and horizontal, so that low inter-antenna correlation can be achieved), then



8 Introduction to non-stationary radio propagation channels

Eq. (1.7) can be rewritten as

h(τ ; t ; ΩTx ; ΩRx) =
L−1∑

l=0

ej2πνlt gRx(ΩRx,l) ×
[
al,vv al,vh
al,hv al,hh

]
gTx(ΩTx,l) δ(τ − τl), (1.8)

where each multipath component is now associated with a polarization-rotation
matrix, which encompasses its amplitude for each pair of Tx-Rx polarization
(the subscriptsv andh denoting the vertical and horizontal polarizations, re-
spectively). This scattering matrix indicates how much the polarization of the
transmitted signal is rotated after it has interacted with the scatterer, i.e.

• al,vv corresponds to the complex amplitude of thelth multipath compo-
nent that is experienced by a signal transmitted with a vertical polariza-
tion and received with a vertical polarization,

• al,vh corresponds to the complex amplitude of thelth multipath compo-
nent that is experienced by a signal transmitted with a horizontal polar-
ization and received with a vertical polarization,

• al,hv corresponds to the complex amplitude of thelth multipath compo-
nent that is experienced by a signal transmitted with a vertical polariza-
tion and received with a horizontal polarization,

• al,hh corresponds to the complex amplitude of thelth multipath compo-
nent that is experienced by a signal transmitted with a horizontal polar-
ization and received with a horizontal polarization.

Multidimensional modeling

The double-directional IR is a function of four different parameters, namely
time, delay, AoD and AoA. The radio propagation channel can equivalently
be described by several other functions, which are all related one to another
through Fourier transforms between

Time: t
F−→ Doppler frequency: ν

Delay: τ
F−→ Frequency: f

DoD-DoA: ΩTx/Rx
F−→ Space: lTx/Rx
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wherelTx/Rx denotes the vectorized spatial domain (in terms of azimuth and
elevation) at the Tx and Rx sides. The so-generated multidimensional func-
tions are all stochastic, owing to the constructive and destructive interferences
of the received multipath components. These functions were first introduced
as parts of a system for the characterization of wideband time-varying linear
radio propagation channels by Bello in his seminal paper [25]. These Bello’s
system functions were then generalized to the case of double-directionalra-
dio propagation channels [11, 26]. These functions are all related oneto an-
other through Fourier transforms, so that the knowledge of at least oneof them
is sufficient for the complete characterization of the double-directional radio
propagation channel. For example, the time-varying Tx-Rx angular-resolved
Transfer Function (TF) can be expressed as

G(f ; t ; ΩTx ; ΩRx) = TFτ→f {h(τ ; t ; ΩTx ; ΩRx)} . (1.9)

Similarly, S(τ ; ν ; ΩTx ; ΩRx) denotes the Doppler-varying Tx-Rx angular-
resolved IR, which can be obtained by taking the one-dimensional Fourier
transform ofh(τ ; t ; ΩTx ; ΩRx) in the time domain.

However, these Bello’s system functions can practically not be described
statistically, since it would require the exact knowledge (or, at least, an accurate
estimate) of their joint multidimensional PDFs. It is indeed unrealistic, given
the large number of parameters on which they depend. As a consequence, an
often used approximation of these generalized Bello’s system functions can be
obtained by means of their second order statistics, namely their autocorrelation
functions (assuming that they are zero-mean) [11, 25, 26]. For example, the
time-varying delay- and Tx-Rx angular-resolved correlation functions can be
expressed as

R(τ, τ ′ ; t, t′ ;ΩTx,Ω
′
Tx ; ΩRx,Ω

′
Rx) =

E
{
h(τ ; t ; ΩTx ; ΩRx)h

∗(τ ′ ; t′ ; Ω′
Tx ; Ω

′
Rx)
}
. (1.10)

These multidimensional correlation functions are all related one to another
through double Fourier transforms. As a result, the knowledge of one ofthese
system correlation functions is sufficient for the complete characterizationof
the double-directional radio propagation channel.

Wide-sense stationarity uncorrelated scattering homogeneity

These multidimensional correlation functions are in practice still very complex
to handle. Hence, further simplifications are needed in order to provide simpler
models for the correlation functions, e.g. [27]
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• The Wide Sense Stationarity (WSS) assumption, stating that the first and
second order statistics of the radio propagation channel do not change
over time. Hence, its mean is constant, while the time correlation only
depends on the time differencet − t′. Equivalently, in the frequency
domain, multipath components undergoing different Doppler shifts are
uncorrelated,

• The Uncorrelated Scattering (US) assumption, stating that the first and
second order statistics of the radio propagation channel do not change
over frequency. Hence, the frequency correlation only depends onthe
frequency difference∆f = f ′ − f . Equivalently, in the delay domain,
multipath components arriving with different delays are uncorrelated,

• The Homogeneous (H) assumption, stating that the first and second or-
der statistics of the radio propagation channel do not change over space
at the Tx and Rx sides. Hence, the antenna correlation only depends on
the differences in the spatial domain∆lTx/Rx = l

′
Tx/Rx − lTx/Rx. Equiva-

lently, in the angular domain, multipath components with different AoDs
and AoAs are uncorrelated.

The radio propagation channel is therefore said to be WSS-US-H when the
three aforementioned assumptions are simultaneously fulfilled. The Doppler-
varying delay- and Tx-Rx angular-resolved correlation function of theradio
propagation channel is therefore white in all dimensions, such that Eq. (1.10)
can be rewritten as

R(τ,τ ′ ; ν, ν ′ ; ΩTx,Ω
′
Tx ; ΩRx,Ω

′
Rx) =

R(∆τ ; ∆ν ; ∆ΩTx ; ∆ΩRx)δ(∆τ)δ(∆ν)δ(∆ΩTx)δ(∆ΩRx). (1.11)

In other words, the statistics of the radio propagation channel do not change
over neither time, nor frequency, nor space.

Time, frequency and space selectivity

The dispersion of the multipath components over time, frequency and space
can affect significantly the performances of wireless communication systems.
When the WSS-US-H assumption is fulfilled, different metrics have been in-
troduced in order to quantify the frequency, space and time selectivities ofthe
radio propagation channel, namely

• The Root Mean Square (RMS) Doppler spread, as a measure for the time
selectivity of the radio propagation channel. Introducing the narrowband
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Figure 1.4: Normalized Doppler spectra in vehicular environments, withνRx =
0.8 andνTx = aνRx. The peaks are found for the Doppler frequencies±(νRx−
νTx), respectively.

Doppler Power-Spectral Density (PSD)

P(ν) = E

{∣∣∣∣
∫∫∫

S(τ ; ν ; ΩTx ; ΩRx)dτdΩTxdΩRx

∣∣∣∣
2
}
, (1.12)

the mean Doppler frequencyν and RMS Doppler frequency spreadνrms

are then defined as [28]

ν =

∫
νP(ν)dν∫
P(ν)dν

, (1.13)

νrms =

√∫
(ν − ν)2 P(ν)dν∫

P(ν)dν
. (1.14)

Fig. 1.4 shows typical Doppler spectra for V2V radio propagation chan-
nels, when two-dimensional isotropic scattering is considered. They ex-
hibit peaks at frequencies±fc(vRx − vTx)/c, wherefc, vTx (resp.vRx)
andc are the carrier frequency, the Tx (resp. Rx) velocity and the speed
of light, respectively [29, 30, 31]. Note that the well-known Jake’s spec-
trum is included as a special case, when the Tx velocity is set to zero.

RMS Doppler spreads measured in V2V environments are significantly
larger (up to four times [10]) than those measured in other cellular ra-
dio propagation channels, owing to the high mobility of the Tx, Rx and
scatterers. This is especially true on highways and in rural environments,
which exhibit large values around100 Hz [19, 14], but also with possible
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values up to760 - 1000 Hz [32]. Smaller values are reported in urban
environments, typically between30 and90 Hz [19, 14], with maximum
values up to260 - 340 Hz [32]. The average RMS Doppler spread was
found to increase linearly with the effective speed(v2Tx + v2Rx)

1/2 [16],

• The RMS delay spread, as a measure of the frequency selectivity of the
radio propagation channel. Introducing the Power-Delay Profile (PDP)

P(τ) = E

{∣∣∣∣
∫∫∫

h(τ ; t ; ΩTx ; ΩRx)dtdΩTxdΩRx

∣∣∣∣
2
}
, (1.15)

the mean delayτ and RMS delay spreadτrms are then defined as [28]

τ =

∫
τP(τ)dτ∫
P(τ)dτ

, (1.16)

τrms =

√∫
(τ − τ)2 P(τ)dτ∫

P(τ)dτ
. (1.17)

The RMS delay spread has been extensively investigated in a number of
inter-vehicular measurement campaigns. Both rural and sub-urban envi-
ronments usually exhibit the smallest RMS delay spreads, with average
values typically around20 - 50 ns [14, 32]. Significantly higher values
can be observed on highways, between40 and400 ns [13, 14, 32, 33]
depending on the traffic conditions and increases with the traffic density
[33]. On the other hand, urban environments provide similar values in
the range of120 - 370 ns [32, 33], although50 ns was measured in [14].
The large fluctuations in these measured RMS delay spread values are
due to the fact that they strongly depend on the nature of the scattering
environment around the Tx and Rx vehicles (e.g. with the presence, or
not, of far away strong scatterers),

• The RMS angular spread, as a measure of the spatial selectivity of the
radio propagation channel. Introducing, for example, the Angular Power
Spectrum (APS) at the Tx side

P(ΩTx) = E

{∣∣∣∣
∫∫∫

h(τ ; t ; ΩTx ; ΩRx)dτdtdΩRx

∣∣∣∣
2
}
, (1.18)

the mean Tx angleΩTx and RMS Tx angular spreadΩTx, rms are then
defined as [28]

ΩTx =

∫
ΩTxP(ΩTx)dΩTx∫
P(ΩTx)dΩTx

, (1.19)
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ΩTx, rms =

√∫ (
ΩTx −ΩTx

)2 P(ΩTx)dΩTx∫
P(ΩTx)dΩTx

. (1.20)

Note thatΩTx is a vector with the mean Tx azimuth and elevation angles
θTx andφTx, respectively. The vectorΩTx, rms contains the correspond-
ing RMS valuesθTx,rms andφTx,rms. The angular spread at the Rx side
can be characterized in a similar manner.

Though, the RMS angular spread has drawn only little attention in the
literature up to now for vehicular radio propagation channels. RMS az-
imuth spreads in the range of25 - 35° are reported in intersection sce-
narios, and smaller values between10 and 20° in Non-Line-of-Sight
(NLoS) situations or congestion scenarios [34].

These spread parameters are important metrics in the design of communica-
tion systems, especially in fast time-varying environments. Indeed, large RMS
delay spreads mean that the transmitted signal is smeared over time, owing to
interactions with the scattering environment. Hence, different symbols may
arrive at the same time at the Rx side, what yields to intersymbol interference
[28]. Moreover, large RMS Doppler spreads indicate that the radio propagation
channel varies considerably over time, even over one Orthogonal Frequency
Division Multiplexing (OFDM) symbol. In that case, orthogonality between
the subcarriers is lost, leading therefore to inter-carrier interference [28] and to
the degradation of the overall system performance. Finally, the RMS angular
spread can be used in adaptive beamforming applications (when considering
the Tx and/or Rx antenna directivities). Indeed, large RMS angular spreads
imply that the transmitted signal is smeared over a wide angular range (owing
to either the Tx and Rx antennas or the scatterers), such that a large spatial di-
versity gain is possible. On the other hand, low RMS angular spreads indicate
that the Tx and/or Rx antenna directivities can be narrowed, yielding therefore
possible higher power gains.

1.1.4 From SISO to MIMO radio propagation channels

Double-directional MIMO radio propagation channels

The double-directional structure of the radio propagation channel canbe ex-
ploited only in MIMO communication systems, withNt andNr closely-spaced
antennas at the Tx and Rx sides respectively, as shown in Fig. 1.5. For anar-
rowband radio propagation channel (or, equivalently, for each delay bin of a
wideband one), each Tx-Rx antenna link can undergo a different realization
of the radio propagation channel. As a consequence, if a link is affectedby
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Figure 1.5: Principle of MIMO wireless communication systems.

a deep fade (owing to destructive interferences of the multipath components),
then a reliable transmission of the transmit signal is still possible by using the
other Tx-Rx antenna links that would not be in the fade (since the effects of
fading are very local, they can vary significantly from one element to another
for a same antenna array). For a double-directional radio propagationchannel,
the MIMO channel matrix can be expressed as

H(τ ; t) =




h11(τ ; t) . . . h1Nt(τ ; t)
...

. ..
...

hNr1(τ ; t) . . . hNrNt(τ ; t)


 , (1.21)

where each entry corresponds to a given Tx-Rx antenna pair. The input-output
relationship as given in Eq. (1.1) can in that case be rewritten as

y(t) = H(τ ; t) ∗ x(t) + n(t), (1.22)

wherex denotes aNt × 1 vector containing the transmitted samples, while
y andn areNr × 1 vectors containing the received samples and the receiver
noise, respectively. Combining Eqs. (1.7) and (1.21), the expression of the
double-directional MIMO radio propagation channel can then be rewritten as

H(τ ; t) =
L−1∑

l=0

ej2πνlt GRx(ΩRx,l) al G
T
Tx(ΩTx,l) δ(τ − τl), (1.23)

whereGTx(ΩTx,l) andGRx(ΩRx,l) areNt × 1 andNr × 1 vectors including
the antenna pattern effects and the steering vector of the Tx and Rx antenna
arrays in directionsΩTx,l andΩRx,l, respectively. Similarly, by extension of
Eq. (1.8) to the case of multi-antenna communication systems, the expression
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of the double-directional MIMO radio propagation channel becomes

H(τ ; t) =
L−1∑

l=0

ej2πνlt GRx(ΩRx,l) ×
[
al,vv al,vh
al,hv al,hh

]
G

T
Tx(ΩTx,l) δ(τ − τl), (1.24)

whereGTx(ΩTx,l) andGRx(ΩRx,l) areNt × 2 andNr × 2 vectors including
the antenna pattern effects and the steering vector of the Tx and Rx antenna
arrays in directionsΩRx,l andΩTx,l, respectively. Each line of these matrices
describes the response of one element of the Tx or Rx antenna array to the
vertical and horizontal polarizations.

In the following of this thesis, note that polarization aspects of the radio
propagation channel will be neglected, so that each pair of Tx-Rx polarization
will be considered as a distinct Tx-Rx antenna link.

Space-only characterization of MIMO radio propagation channels

The multidimensional modeling approach in Section 1.1.3 is sufficient for
the complete statistical description of MIMO radio propagation channels (as-
suming that they can be fully characterized by their second-order statistics).
Nonetheless, it is difficult to estimate these correlation functions from mea-
surements and to interpret them, owing to the large number of parameters on
which they depend. Since MIMO radio communication systems exploit the
spatial diversity of the propagation channel, it is then reasonable to consider
the space-only characterization of the underlying radio propagation channels.
If both the delay and time shifts are set to zero (i.e.τ = τ ′ andt = t′), then Eq.
(1.10) can be rewritten as the delay-dependent full spatial correlation matrix

Rfull (τ) = E
{

vec[H(τ ; t)] vec[H(τ ; t)]H
}
, (1.25)

where the operator vec[·] stacks the matrix columns into a single column vec-
tor. ItsNrNt ×NrNt elements represent the correlation coefficients between
all Tx-Rx antenna links, which can also be classified as

• The Tx correlation coefficients, which are due to interactions at the Tx
side. They can be expressed as theNt ×Nt spatial correlation matrix

RTx(τ) = E
{
H
T (τ ; t)H(τ ; t)∗

}
, (1.26)
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• The Rx correlation coefficients, which are due to interactions at the Rx
side. They can be expressed as theNr ×Nr spatial correlation matrix

RRx(τ) = E
{
H(τ ; t)HH(τ ; t)

}
, (1.27)

• The cross-correlation (off-diagonal) coefficients, which are due tocom-
bined interactions at both Tx-Rx sides. Though, a number of these coef-
ficients are difficult to be interpreted physically.

The dimension of the full spatial correlation matrices grows quadratically with
the sizes of the MIMO antenna arrays used at the Tx and Rx sides. This draws
important issues in terms of complexity (since they can be too large to be used
as such in communication schemes) and identifiability (as they may be ill-
conditioned if they are estimated from an insufficient number of time instants).
Hence, MIMO radio communication systems do not often make use of esti-
mated full spatial correlation matrices. Tx and Rx spatial correlation matrices
are indeed often preferred, since they are simplier to estimate and can there-
fore be used in adaptive processing at the Tx and Rx sides separately,long-e.g.
when term time-averaged spatial statistics are evaluated at the Rx side and fed
back to the Tx one, so that this latter can optimize its transmission scheme. As
a consequence, these spatial correlation matrices provide useful information
on changes in the radio propagation channel as seen from one side or another.

Their structures can be analyzed by means of their respective eigenvalue
decomposition, which is given by

RTx = UTxΛTxUTx
H, (1.28)

RRx = URxΛRxURx
H, (1.29)

whereUTx (resp.URx) is a unitary matrix containing the eigenmodes ofRTx

(resp.RRx) at their columns, whereasΛTx (resp.ΛRx) is a diagonal matrix
containing the corresponding eigenvalues sorted in descending order,such that
λ1 ≥ λ2 ≥ · · · ≥ λNr/t

. The strongest eigenvalues (that exceed a certain
threshold, which depends on the measurement system) characterize the signal
subspace, i.e. the number of uncorrelated fading processes that contribute to
the radio propagation channel (while the remaining ones are too weak and be-
low the noise level, so that they can be associated to the noise subspace). Even
though these strongest eigenvalues do not have any physical interpretation in
the radio wave propagation (they indeed correspond to weighted sum of multi-
path components), they characterize the degree of spatial diversity in theradio
propagation channel.
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1.2 Non-stationary radio propagation channels

1.2.1 Sources of non-stationarity

Unfortunately, the WSS-US-H assumption is really restrictive since it implies
that the statistics of the radio propagation channel do never change, whether
it be on infinite time, frequency or angular intervals. It is indeed obviously
unrealistic, especially for real-world vehicular radio propagation channels that
are

• Time-varying, owing to the high mobility of the Tx and Rx vehicles
as well as of the scatterers (e.g. other traveling vehicles, etc.). Some
scatterers can indeed suddenly appear (or disappear) in the environment
surrounding the Tx and Rx vehicles. The LoS component can also be
intermittently be obstructed by large obstacles. All these effects result
in a non-stationary behavior of the radio propagation channel. In other
words, its statistics can fluctuate significantly over time, so that the WSS
assumption is no longer fulfilled,

• Frequency-varying, owing to either large obstacles (e.g. buildings, pro-
tection walls on roadsides, bridges, etc.) or multiple-bounce interactions
with the surrounding environment (e.g. diffuse scattering due to vegeta-
tion, waveguiding in tunnel scenarios, etc.). In other words, correlated
multipath components can arrive with different delays at the Rx side, so
that the US assumption is no longer fulfilled,

• Angular-varying, owing to changes in the AoDs and AoAs, owing to the
relative motion of the Tx, the Rx and scatterers, so that the homogeneity
assumption is no longer fulfilled.

The intrinsic characteristics of the radio communication systems can strongly
impact the non-stationary behavior of the radio propagation channel. Forex-
ample, the larger the bandwidth (i.e. the higher the delay resolution), the better
the ability to discriminate multipath components arriving with different delays.
Hence, multipath components arriving with closer delays are more correlated,
what clearly violates the US assumption [35]. Similarly, the shape of the an-
tenna arrays (with elements looking in different directions), the spacing be-
tween the antenna elements or non-isotropic antenna patterns strongly impact
on the resolution of the angular sampling and thus on the validity of the H
assumption.

However, the radio propagation channel statistics do not change instanta-
neously, such that it is possible to identify bounded time, frequency or angular
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intervals within which they remain constant (i.e. over which the WSS-US-H
assumption is locally fulfilled). Reliable estimates of the radio propagation
channel statistics can therefore be obtained only over those time, frequency
and space intervals.

1.2.2 Measuring the non-stationarity

Different methods have been proposed in the literature to measure the non-
stationarity of radio propagation channels and to identify stationarity regions.

The stationarity of SISO radio propagation channels was investigated in
[36], where local regions of stationarity were identified based on the corre-
lation between consecutive PDPs. Alternatively, a framework for the char-
acterization of the non-stationary behavior of SISO radio propagation chan-
nels over time and frequency was proposed in [37, 38]. The concept of Local
Scattering Function (LSF) was first introduced as an extension of the scatter-
ing function to the non-stationary case. Stationarity regions in time and in
frequency were then identified by applying similarity metrics (e.g. collinear-
ity, spectral divergence, etc.) to the so-estimated LSFs. This approach has
been used for the characterization of the non-stationary behavior of vehicular
MIMO radio propagation channels and the identification of stationarity regions
in [39, 40, 41, 42, 43].

Regarding Single-Input Multiple-Output (SIMO) radio propagation chan-
nels, theF -eigen ratio was introduced in [44] to measure the discrepancy be-
tween spatial correlation matrices at the Rx side. It corresponds to the penalty
that is undergone (in terms of power loss) when out-dated spatial statistics are
used in beamforming applications instead of the actual ones. Nonetheless, the
F -eigen ratio is interesting only when the transmission is done over a reduced
number of eigenmodes, and hence loses of its interest when all the eigen-
modes are considered (e.g. in MIMO communication systems). For MIMO
radio propagation channels, statistical tests based on their evolutionary spec-
trum estimated at different time instants were used in [45, 46] to determine
time intervals over which the WSS assumption does remain valid. Stationar-
ity distances were also estimated, which were found to be larger in presenceof
the LoS component. However, none of these methods really takes advantage of
the knowledge of the spatial structure of MIMO radio propagation channels.
For that purpose, the Correlation Matrix Distance (CMD) was introduced in
[27, 47, 48, 49] in order to determine the amount of change in the spatial struc-
ture of the underlying MIMO radio propagation channel over time.
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1.3 Radio propagation channel models

Realistic radio propagation channels models are important tools that have to
be integrated in emulators in order to design and/or validate (parts of) commu-
nication systems, in a fully reproducible and parameterizable manner, before
its deployment.

Since vehicular radio propagation channels are intrinsically non-stationary,
their statistics can fluctuate significantly and rapidly over time, frequency and
space. Hence, any good vehicular radio propagation channel model should
be able to handle these non-stationary behaviors. To do so, different possible
approaches can be considered for the characterization of MIMO radiopropa-
gation channels, which can be classified as [9, 28]

• Deterministic (physics-based) models, which explicitly rely on the prop-
agation of the electromagnetic waves in the environment,

• Stochastic models, which account for the radio propagation channel only
based on its statistical properties, i.e. with no physical justification re-
lated to the surrounding scattering environment,

• Geometry-based stochastic models, which have some characteristics of
both the deterministic and stochastic models.

Each of these approaches has its own advantages and disadvantages,so that
the choice of a radio propagation model strongly depends on the application
that is targeted. It also depends on the system assumptions and has to take into
account the trade-off between accuracy and complexity.

1.3.1 Deterministic channel models

Deterministic channel models seek at characterizing the radio wave propaga-
tion in a specific environment, which has to be defined with a certain level of
accuracy. This requires a detailed description of the environment underinves-
tigation, including not only the intrinsic characteristics of the physical objects
(e.g. their two- or three-dimensional geometries and positions, their material
properties, etc.), but also people, weather conditions, realistic vehiculartraffic
models, etc.

The radio wave propagation is usually obtained via ray-tracing approaches
[19, 50, 51, 52]. All possible propagation paths between the Tx and Rx sides
are generated using geometrical optics laws. The interactions between the
transmitted electromagnetic waves and the scattering environment are then
modeled with the Fresnel coefficients for reflections, the universal theory of
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Figure 1.6: ITU radio propagation channel models for testing vehicular envi-
ronments, as used in the IEEE 802.11p standard.

diffraction, empirical diffraction or reflection models, etc. Diffuse scattering
due to surface roughness can also be considered by including a statistical com-
ponent in these deterministic approaches [53]. The total radio propagation
channel is finally obtained by summing all the multipath components at the Rx
side (after being weighted by the Tx and Rx antenna patterns).

Deterministic approaches provide very realistic and accurate estimations
of the radio propagation channel (in terms of pathloss coefficients, RMS delay
or Doppler spreads, etc.) in some specific environments (e.g. urban macro-
cells, street canyons, etc.). However, these approaches are difficult to calibrate
(regarding the material properties, etc.) and computationally very expensive
(depending on the number of parameters used in order to describe the environ-
ment and on the targeted level of accuracy). Hence, deterministic (ray-tracing)
approaches are usually used only for very specific applications, e.g. for an-
tenna positioning [54, 55, 56, 57], since they do not appear suitable formore
complex simulations of wireless communication systems (e.g. for higher layer
applications).

1.3.2 Purely stochastic channel models

Even though the radio propagation channel can vary over time, frequency and
space, it does not fluctuate in a completely random manner. As a consequence,
these variations can be represented by means of descriptive statistics, which
do not necessarily have a physical signification. The statistical properties of
SISO radio propagation channels can therefore be modeled according tosome
specific parameters, e.g. delay, Doppler shift, AoD, AoA, etc.

The most popular stochastic channel model of this kind is the Tapped-
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Delay Line (TDL), which is based on the WSS-US assumption. The radio
propagation channel is in that case described by a finite number of delay taps,
each one being assumed to fade independently with given statistics (e.g. am-
plitude distribution, Doppler spectrum, etc.) that can be extracted from exper-
imental measurement campaigns. Six- and twelve-tap models were developed
at 2.4 GHz for various environments [58, 59]. Since each tap contains several
paths (each with its own Doppler spectrum, that can be selected from a small
number of shapes), they can be assigned an almost arbitrary Doppler spectrum.

Two TDL models have been adopted as reference models in the 802.11p
standard [3]. They characterize vehicular environments with either low RMS
delay spreads (model A) or medium RMS delay spreads (model B), respec-
tively, and are represented in Fig. 1.6.

The main advantage of such TDL models is that they are mathematically
very simple, so that they have low complexity and are easy to use. However,
as pointed out in [60], they fail to reproduce some important characteristics of
real-world physical radio propagation channels, especially their non-stationary
behavior (since they strongly rely on the WSS-US assumption, with fading
statistics for each tap constant over time). These models can thus be com-
plexified to account for the non-stationary behavior of the radio propagation
channel, e.g.

• “Birth/death” Markov processes, so as to model the appearance and dis-
appearance of taps [21, 61]. However, they are not able to accountfor
strong discrete scatterer contributions “drifting” from one tap to another
(i.e. to address the US assumption),

• Different TDL models for regions exhibiting different delay spread or
Bit Error Rate (BER) statistics [62]. Though, this approach is not able to
provide radio propagation channel realizations with continuous statistics
over time.

As these stochastic TDL models are unable to simulate realistic non-stationary
radio propagation channel, they have therefore a significant impact on the esti-
mation of communication system performances, e.g. underestimating the BER
in single-carrier and multicarrier systems [22].

1.3.3 Geometry-based stochastic channel models

Geometry-based Stochastic Channel Models (GSCMs) are the combination of
the deterministic and stochastic approaches. In such models, the radio wave
propagation and the scattering aspects are indeed decoupled.
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The positions of the scatterers in the environment are determined at random
(according to some suitable statistical distributions), e.g. on two-dimensional
(i.e. in the horizontal plane, elevation being usually not considered) ringslo-
cated around the Tx and Rx [31]. This model can be complexified by con-
sidering the possibility of a LoS component [63], non-isotropic scattering en-
vironments [63, 64], an additional elliptical ring of scatterers [64], scatterers
placed on three-dimensional cylinders [65, 66, 67], etc. The multipath com-
ponents are obtained by applying very simplified models for the propagation
of the electromagnetic waves and their interactions with the scatterers, e.g. as-
suming only single- or double-bounced reflections. Each multipath component
is then assigned fading properties that are drawn from statistical distributions.
The radio propagation channel is then obtained by summing all the multipath
components at the Rx side. These geometrical models can be used in order
to derive tractable closed-form expressions of the level crossing rate[68], the
temporal variation of the MIMO spatial correlation [69, 70], the joint space-
time correlation function [69, 71], etc. Though, as the scattering environment
remains static over time (scatterers are indeed assumed to always stay at their
position), they fail to reproduce a realistic physical environment, and do there-
fore not handle the non-stationary behavior of the radio propagation channel.

Another approach consists in placing (strong) scatterers at physically more
realistic positions, e.g. buildings, road signs or vegetation on the road sides,
vehicles placed on different (parallel) road lanes, etc. Diffuse scattering can
also be considered, by placing numerous (low-power) scatterers on theroad
sides [72, 73]. As the scattering environment is now dynamic (i.e. the move-
ment of the scatterers is taken into account), this approach inherently describes
the non-stationary behavior of the radio propagation channel.

1.4 Experimental channel investigation

Owing to their non-stationarity in time, frequency and space, inter-vehicular
radio propagation channels have to be investigated and parameterized from
dedicated measurement campaigns which have specific requirements, espe-
cially in terms of

Measurement set-ups

The first inter-vehicular measurement campaigns were conducted before the
introduction of the IEEE 802.11p standard in 2006, either in the Global System
for Mobile Communications (GSM) band around900 MHz [74, 75, 76] or in
the WiFi band around2.4 GHz [58, 62, 76]. Narrowband SISO measurement



Introduction to non-stationary radio propagation channels 23

set-ups were mostly considered [19, 74, 75, 77, 78], using either spectrum
analyzers [19] or vector network analyzers [16, 79]. As a consequence, only
the time selectivity of vehicular radio propagation channels was characterized,
in terms of pathloss [74, 75], small-scale fading analysis [19, 74], Doppler
spread [19], etc.

After 2006, inter-vehicular measurement campaigns have shifted towards
the5 GHz band in which the IEEE 802.11p standard will operate [13, 14, 20,
32, 33, 80]. Moreover, the time, frequency and space selectivity of vehicular
double-directional radio propagation channels started also to be investigated.
Hence, MIMO measurement set-ups were adopted, e.g. with antenna arrays
having dimensionsNr × Nt = 2 × 2 [80] or Nr × Nt = 4 × 4 [81, 82],
respectively. On the other hand, larger measurement bandwidths were also
considered in order to characterize frequency selectivity, e.g.20 MHz [14], 50
MHz [78], up to240 MHz [80, 83].

Vehicles and antennas

The type of vehicles and the location of the antennas on the vehicles at the Tx
and Rx sides can significantly impact on the estimation of the radio propaga-
tion channel. For example, since the Tx and Rx antennas are roughly at the
same (low) height, inter-vehicular communications mostly occur in the hori-
zontal plane and the Tx-Rx link is likely to be obstructed by other vehicles in
the traffic. On the other hand, strong multipath components can stem from the
metallic roofs of the Tx and/or Rx measurement vehicles.

The Tx and Rx measurement vehicles are usually regular passenger vehi-
cles or vans. The antennas can be placed either on top of their roofs [14, 80, 84]
or within the vehicles, e.g. on loading platforms or on dashboards [13, 33,81].
The placement of the antennas at the Tx and Rx sides has a significant im-
pact on pathloss, delay spread or packet error rate [33, 85]. Note that most of
the antennas that have been used in these measurement campaigns are regu-
lar antennas, that are not integrated to the measurement vehicles in a realistic
manner. Nonetheless, specific antennas were designed in order to be fully inte-
grated in radome cavities together with other GSM or FM radio antennas [54],
and then used in realistic inter-vehicular communication scenarios [86].

Environments and scenarios

The characteristics of vehicular radio propagation channels strongly depend on
the nature of the scattering environment surrounding the Tx and Rx measure-
ment vehicles. These environments are usually classified as highways, rural,
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sub-urban and urban areas and have been already widely investigatedand well
documented for other cellular radio communication systems [10]. This clas-
sification is sufficient for a large number of road traffic safety applications
and has been considered in several inter-vehicular measurement campaigns
[14, 19, 33, 77, 87]. However, there are some applications very specific to
vehicular communication systems that can not be included in this classifica-
tion. This concerns for example intersection scenarios, e.g. in order to avoid
possible collisions [88], or in-tunnel scenarios, e.g. in order to prevent traffic
jams after an accident in a tunnel by broadcasting warning messages to the ap-
proaching vehicles [87]. Hence, each of these critical applications requires to
be characterized separately, with dedicated radio propagation channelmodels
[89] and measurement campaigns [86, 90].

1.5 Outline and contributions

Chapter 2: Vehicle-to-vehicle measurement campaigns

The measurement data used throughout this thesis are described in this Chap-
ter. They were collected during two different measurement campaigns con-
ducted in collaboration with Aalto University in 2007 and 2009, respectively.
A short introduction on the concept of channel sounding is first provided. Af-
terwards, the technical details of each of these measurement campaigns are
described, regarding the measurement set-ups and equipments as well asthe
investigated environments and scenarios (including their main characteristics).

Chapter 3: Non-stationarity of vehicular radio propagation channels

In this Chapter, we first characterize the frequency- and time-dependent behav-
ior of the spatial structure of vehicular MIMO radio propagation channels. It is
shown that significant changes, which may occur in the scattering environment
(or, equivalently, in the radio wave propagation), are captured.

Based on these observations, we use the CMD as a measure of the amount
of change in the spatial structure of MIMO radio propagation channels. This
indicates how different neighboring spatial correlation matrices estimated at
different time instants and frequencies can be. Since the CMD is a bounded
metric, an appropriate threshold value can then be determined in order to quan-
titatively assess the (in-)validity of the WSS and US assumptions in vehicular
radio propagation channels. Hence, stationarity regions in time and frequency
can be identified, over which the WSS and US assumptions locally hold (i.e.
where the fading statistics are constant), respectively.
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Chapter 4: Non-stationary modeling of V2V fading statistics

Based on the observations done in the previous Chapter, we can now describe
stochatically the time- and frequency-dependent behavior of the fading statis-
tics of vehicular radio propagation channels.

First, we consider the non-stationary modeling of the fading statistics for
narrowband radio propagation channels (i.e. assuming that the US assumption
holds over the whole measurement bandwidth). The large- and small-scale fad-
ing statistics are estimated over time-varying stationarity intervals (over which
the WSS assumption was found to hold), such that a faithful representation
of the underlying fading properties can be obtained at any given time instant.
Their time- and space-variabilities are also characterized.

Besides, this non-stationary analysis is extended to wideband radio propa-
gation channels. The statistics of the small-scale fading are estimated using the
same non-stationary approach, on a per-frequency bin basis. The frequency-
, time- and space-variabilities of the so-extracted small-scale fading statistics
are then investigated. On the other hand, the second-order moment of the radio
propagation channel (in terms of RMS delay spread) are considered, and their
space- and time-varying behavior are taken into account.

Chapter 5: Geometry-based stochastic channel modeling

In this Chapter, we now consider a GSCM approach for the description of
wideband vehicular double-directional radio propagation channels. Since each
multipath component is modeled separately, the GSCM approach inherently
captures the non-stationary behavior of radio propagation channels.

The discrete scatterers are placed at physically realistic positions in the
environment surrounding the Tx and Rx vehicles. Their contributions arein-
deed generated using very simplified ray-tracing tools, whereas their fading is
modeled as the combination of a deterministic distance-decaying process and
two stochastic small and large-scale processes. Moreover, the diffusescatter-
ing is investigated and included in the GSCM, being characterized in a purely
stochastic way. The complete parameterization of the model is provided, so
that realizations of this vehicular radio propagation channel model can beeas-
ily generated.





CHAPTER 2
Vehicle-to-vehicle MIMO
measurement campaigns

The design and deployment of the IEEE 802.11p, as well as alternative V2V
wireless communication systems, requires therefore (according to Chapter1)
the knowledge of the underlying vehicular radio propagation channel charac-
teristics, which may be significantly different from those of classical cellular
wireless networks since(i): both the Tx and the Rx can be mobile (with possi-
bly high velocities),(ii): the antennas have relatively low heights and(iii): the
surrounding scattering environment can change very rapidly. Hence,the ex-
tensive evaluation of inter-vehicular radio propagation channels in real-world
scenarios is needed, from which the estimation of these characteristics could
be performed in order to derive accurate (measurement-based) models able to
reliably reproduce the time-varying behavior of these characteristics.

For that purpose, two different measurement campaigns were conducted in
collaboration with Aalto University in August 2007 and 2009, respectively, in
order to characterize inter-vehicular MIMO radio propagation channelsin the
5 GHz band. The main characteristics of these measurement campaigns are
discussed in the following of this Chapter. The so-collected data will serve as
a basis for the analysis conducted throughout this thesis.

2.1 Aalto channel sounder

The Aalto channel sounder is an in-house designed measurement systemoper-
ating at a center frequency of5.3 GHz, which is based on the switched-array
principle [91]. This is a popular technique, which uses only one single RF
chain in order to scan sequentially (using fast switches on both link ends) the
radio propagation channel for all pairs of Tx and Rx antenna elements, as
shown in Fig. 2.1. For every Tx antenna element, the whole Rx antenna array
is therefore gone through (i.e. every Rx antenna element is measured) before
the Tx antenna element is switched.

For that purpose, a Pseudo-Noise (PN) sequence is used as a measurement
signal. It consists in a binary sequence with autocorrelation function similar
to the one of noise, i.e. equal to one when the delay is zero and with small
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Figure 2.1: Principle of the switched array sounding technique.

values, close to zero, for other delay values. As a crucial issue, note that owing
to these imperfections, the frequency response of the PN sequence is therefore
not completely flat over the whole measurement bandwidth, since the trans-
mitted power drops significantly on its edges. The behavior of the underlying
radio propagation channel may therefore be clearly misestimated at these fre-
quencies. This sequence hasMf = 255 chips sampled at rate60 MHz (i.e.
leading to a delay resolution∆τ of 16.7 ns), having therefore a total length of
4.25 µs. Each chip consists of two samples, so that the corresponding sampling
rate is of120 MHz.

This PN sequence is first modulated, up-converted to the desired center
frequency and then sequentially switched to every Tx antenna element (out of
a total numberNt). Reciprocally, every Rx antenna element is switched se-
quentially (out of a total numberNr), the received signal being then band-pass
filtered, down-converted back to the base-band and demodulated. Moreover,
the PN sequence is transmittedJ times for every Tx-Rx antenna pair, for av-
eraging reasons. This way, for each snapshot the transmitted code is measured
Nr × Nt × J times. The IR of the underlying radio propagation channel can
then be measured for each antenna link by directly correlating the received sig-
nal with the transmitted one, which has therefore to be knowna priori at both
the Tx and Rx sides. Note that the TF of the radio propagation channel can
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also be obtained from the IR, by means of a simple one-dimensional Fourier
transform.

As a consequence, such a sounding technique requires a given time refer-
ence and a very accurate synchronization between the Tx and Rx units, which
are here provided by Rubidium clocks. Moreover, a back-to-back calibration
procedure has to be conducted before every measurement campaign, so that
the RF cable losses and the non-linear distorsions of the Tx power amplifier
can be normalized from the measured IRs of the radio propagation channel.

The sounding of fast time-varying frequency selective radio propagation
channels (typically in vehicular environments) requires special attention, as
the two-dimensional Nyquist criterion has to be fulfilled [60], i.e.

• trep ≤ 1/2νmax, i.e. the temporal resolution of the measurement system
has to be shorter than the coherence time of the radio propagation chan-
nel under investigation (or, equivalently, the radio propagation channel
is assumed to remain constant between two consecutive snapshots),

• trep ≥ τmax, i.e. the temporal resolution of the measurement system has
to be larger than the maximum delay of the radio propagation channel
under investigation (or, equivalently, two consecutive snapshots do not
have to overlap).

If these two conditions are satisfied, then the radio propagation channel under
investigation is said to be underspread.

2.2 Aalto 2007: Measurement campaign

This campaign aimed at performing measurements of inter-vehicular MIMO
radio propagation channels in various environments, for safety-relatedITS ap-
plications. In this Section, we provide more details on the measurement set-up,
the equipments as well as on the investigated scenarios.

2.2.1 Parameter set-up

As already mentioned, the Aalto channel sounder performs MIMO measure-
ments at a center frequency of5.3 GHz, that can be regarded as being as close
to the 5.9 GHz frequency band of the IEEE 802.11p standard such that no
significant differences in channel statistics are expected.

The radio propagation channel for every Tx-Rx antenna pair was measured
a numberJ = 2 of times, before switching to the next Tx-Rx antenna pair.
The maximum transmit power was36 dBm (i.e. 3.98 W). The snapshot time
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Table 2.1: Set-up parameters of the Aalto 2007 measurement campaign.

Center frequency,fc 5.3 GHz
Transmit power,PTx 36 dBm

Code length,Mf 255 chips
Measurement bandwidth,BW 60 MHz
Sampling frequency,fs = 1/Ts 120 MHz
Delay resolution,∆τ = 1/BW 16.7 ns

Snapshot time,tsnap 8.4 ms
Snapshot repetition rate,νrep = 1/trep 14.3 Hz

(i.e. the time required to measure the radio propagation channel for all Tx-
Rx antenna pairs) was set attsnap = 8.4 ms, whereas the snapshot repetition
rateνrep was set at14.3 Hz to limit the recorded file sizes. The main channel
sounder parameters are summarized in Table 2.1.

With these settings, the maximum resolvable Doppler shiftνmax is limited
to 7.15 Hz, what yields a maximum relative speed between the Tx-Rx vehicles
and the discrete scatterers of only1.45 km/h. As a consequence, the snapshot
repetition rateνrep of the sounding signal is here definitely much smaller than
the maximum Doppler shiftνmax that can be expected in vehicular environ-
ments (typically owing to other traveling vehicles, which are likely to have
much higher velocities), i.e.

νrep> 2 |νmax| = 2∆vmax
fc

c
. (2.1)

In other words, the double Nyquist criterion is not completely fulfilled (its first
condition being indeed not respected), such that the temporal behavior of the
multipath components stemming from the discrete scatterers will clearly be
undersampled (or, equivalently, will suffer aliasing). The Doppler information
can definitely not be reliably estimated (and later correctly exploited) from the
data collected during this measurement campaign and will therefore be ignored
in the following of this thesis.

2.2.2 Tx and Rx antenna arrays

Semi-spherical antenna arrays were used at the Tx and Rx sides. The antenna
arrays consist of16 dual-polarized elements (i.e.32 feeds), which are arranged
in a spherical geometry [91], as shown in Fig. 2.2. The reference direction of
the Tx and Rx antenna arrays was always pointing towards the front of the
measurement vehicles (i.e.towards the direction of motion of the vehicles).
Polarizations are horizontal and vertical in the Rx antenna array, whereas they
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(a) Semi-spherical antenna array. (b) Antenna element numbering.

Figure 2.2: Semi-spherical antenna array at the Tx and Rx sides. The arrow
indicates the reference direction of the array.

are slanted at45 degrees in the Tx one. Table 2.2 presents the allocation of the
switch numbering (including polarization information) to the antenna elements
at the Tx and Rx sides.

In the Rx antenna array, the first feed is replaced with a discone antenna,
while the second feed is terminated and acted as a marker channel. In the Tx
antenna array, the second last feed is terminated while the last feed is connected
to a discone antenna and was not measured. The discone antennas are used for
adjusting the Automatic Gain Control (AGC) of the channel sounder. Hence,
for further calculations, the15 remaining antenna elements at the Tx and Rx
sides are selected in order to form the MIMO channel matrix, leading toNr ×
Nt = 30× 30 temporal multiplexed channels.

The Tx (resp. Rx) antenna array was mounted on top of a wooden platform
on the roof of realistic passenger vehicles, i.e. an Opel Astra (resp. a Peugeot
Partner). The antenna arrays were covered with a plastic tarpaulin to protect
them from air streams and rain. The measurement set-up (i.e. the channel
sounders, power amplifiers, batteries and laptops) was placed in the trunks of
the measurement vehicles, as shown in Fig. 2.3.

2.2.3 Measured environments and scenarios

The measurement campaign was carried out in four different environments: on
a campus (Otaniemi), on a highway (Ring 1), in sub-urban (Matinkyla, Lepp-
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Table 2.2: Correspondence between the antenna elements and the switch num-
bers (including polarization information) at the Tx and Rx sides.

Antenna element Tx side Rx side
Polar.ց Polar.ր Polar.↑ Polar.→

1 30 29 30 29
2 28 27 28 27
3 26 25 26 25
4 24 23 24 23
5 22 21 22 21
6 20 19 20 19
7 18 17 18 17
8 16 15 16 15
9 14 13 14 13
10 12 11 12 11
11 10 9 10 9
12 8 7 8 7
13 6 5 6 5
14 4 3 4 3
15 2 1 2 1

vaara) and urban (Helsinki) areas. Satellite photographs of these environments
are depicted in Figure 2.4, which show that

• The campus and sub-urban areas are similar and mostly consist of small
detached houses, parking lots and an average tree density of roughly 5
m high. There are large sidewalks and road signs sparsely distributed on
both sides of the two-lane road as well as little to no traffic conditions,

• The six-lane highway is located in a sub-urban like area. The roadsides
consist of natural (or artificial) embankments and low-height buildings,
excepted around the exit ramps. There is a median strip with some veg-
etation and delimited by guardrails. Some roadsigns are scattered along
the road. The Tx and Rx measurement vehicles are traveling on the hard
shoulder, with traffic conditions from light to medium,

• The urban area is the city center of Helsinki, with six to eight-storey
buildings on both sides of two-lane streets, medium to heavy traffic con-
ditions and numerous roadsigns.

The Tx and Rx vehicles were always traveling in the same direction, the Tx
ahead of the Rx one. The vehicles’ speed was in the range of5 − 15 km/h,
such that the channel coherence is, in the worst case, still larger thantsnap.
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(a) Antenna array on the Tx roof. (b) Antenna array on the Rx roof.

(c) Measurement equipment in the Tx trunk.

 

(d) Measurement equipment in the Rx trunk.

Figure 2.3: Pictures of the Tx and Rx measurement vehicles.

The inter-vehicle distance varied between10 and 500 m, depending on the
traffic conditions and the environment. Most of the measurement routes pre-
sented a strong LoS component between the Tx and Rx vehicles. However,
the LoS component was possibly intermittently obstructed (even during one
same measurement route), owing either to large vehicles (e.g. trucks, buses,
etc.) traveling between the Tx and Rx vehicles or to buildings when one of the
measurement vehicles was turning a corner.
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(a) Satellite view of the campus area. (b) Campus location.

(c) Satellite view of the urban area. (d) Urban location.

(e) Satellite view of the sub-urban area. (f) Sub-urban location.

(g) Satellite view of the highway area. (h) Highway location.

Figure 2.4: Pictures of the environments investigated during the Aalto 2007
measurement campaign (Google ©).
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Table 2.3: Set-up parameters of the Aalto 2009 measurement campaign.

Center frequency,fc 5.3 GHz
Transmit power,PTx 36 dBm

Code length,Mf 255 chips
Measurement bandwidth,BW 60 MHz
Sampling frequency,fs = 1/Ts 120 MHz
Delay resolution,∆τ = 1/BW 8.33 ns

Snapshot time,tsnap 1.632 ms
Snapshot repetition rate,νrep 66.7 Hz

2.3 Aalto 2009: Measurement campaign

The objective of this campaign was to enlarge the already existing measure-
ment data set of inter-vehicular MIMO radio propagation channels, whichhad
been collected during the Aalto 2007 measurement campaign (as detailed in
Section 2.2). In this Section, we provide more details on the measurement
set-up, the equipments as well as on the investigated scenarios of this mea-
surement campaign, with a special emphasis on what differs from the previous
one.

2.3.1 Parameter set-up

The Aalto channel sounder was again used during this measurement campaign,
with almost the same parameter set-up as the one described in Section 2.2.1.
The only differences concern the snapshot time, which is chosen such that
tsnap= 1.632 ms, and the snapshot repetition rateνrep, which is set at66.7 Hz.
The main channel sounder parameters are summarized in Table 2.3.

With these settings, the maximum resolvable Doppler shiftνmax is then of
33.35 Hz, hence yielding a maximum relative speed of6.80 km/h between the
measurement vehicles and the discrete scatterers. Again, the first condition of
the double Nyquist criterion (as described in Section 2.1) is not fulfilled, such
that the Doppler information will similarly be neglected in the following of
this thesis.

2.3.2 Tx and Rx antenna arrays

A Uniform Linear Array (ULA) with 4 vertically polarized antenna elements
is used at the Tx side, as shown in Fig. 2.5, whereas a dual-polarized semi-
spherical antenna array is still used at the Rx side.
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Figure 2.5: Pictures of the ULA used at the Tx side.

Discone antennas are also used at the Tx and Rx sides for adjusting the
AGC of the channel sounder. For that purpose, the first feed of the Rx an-
tenna array is thus replaced with a discone antenna, while its second feed is
terminated and acts as a marker channel. The MIMO channel matrix is hence
formed byNr ×Nt = 30× 4 temporal multiplexed channels.

The Tx and Rx antenna arrays were mounted on a wooden platform on the
car roofs. The antennas were covered with a plastic tarpaulin to protect them
from air streams and rain. The main Tx and Rx measurement set-up is placed
in the trunks of the Tx and Rx measurement vehicles that were previously used
during the Aalto 2007 measurement campaign, as described in Section 2.2.2.

2.3.3 Measured environments and scenarios

This measurement campaign was conducted in three different environments:
on a campus (Otaniemi), in sub-urban (Tapiola) and urban (Tapiola city cen-
ter) areas. The two first ones were the same as the ones already described in
Section 2.2.3. On the other hand, the city center of Tapiola consists of three to
four-storey buildings on both sides of two-lane streets, occasional large open
areas covered with vegetation and numerous roadsigns, as shown in Fig.2.6.
Medium to heavy traffic conditions were encountered, thus implying possible
obstruction of the LoS component.

However, other scenarios that are more dedicated to specific safety-related
ITS applications (i.e. not considered at all in classical cellular radio commu-
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(a) Satellite view of the urban area. (b) Measurement location.

Figure 2.6: Pictures of the urban environment investigated during the Aalto
2009 measurement campaign (Google ©).

(a) Tx and Rx vehicles traveling in separate
directions.

(b) Road crossing scenario.

(c) Underground parking scenario.

Figure 2.7: Pictures of the specific scenarios investigated during the Aalto
2009 measurement campaign (Google ©).

nication systems) have also been investigated during this measurement cam-
paign, namely

• When the Tx and Rx vehicles are traveling in either opposite or separate
directions, as shown for example in Fig. 2.7(a). In that case, the Tx
and Rx vehicles may be surrounded by distinct scattering environments
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that can vary over time independently one from another (with possible
obstruction of the LoS component),

• When the Tx and Rx vehicles are approaching each other from perpen-
dicular directions in road crossings, as shown in Fig. 2.7(b). The LoS
contribution may then be obstructed during some time, such that the ra-
dio propagation channel consists only of contributions stemming from
the surrounding scattering environment,

• When the Tx and Rx vehicles are traveling in underground (tunnel-like)
parkings, as shown in Fig. 2.7(c). These are likely a rich scattering en-
vironment, owing to multiple reflections and waveguiding propagation
effects (on walls, ceilings, other vehicles, metallic structures as ventila-
tion systems, etc.).

The vehicles’ speed was in all cases ranging from5 to 20 km/h, while the
inter-vehicle distance varied between10 and 300 m, depending on the traffic
conditions and the investigated environment.

2.4 Measured data

At the output of the channel sounder, we obtain time-varying complex wide-
bandNr ×Nt matrices, which can be denoted as

H(τk ; ntrep), (2.2)

wherek = 0, ...,K − 1 andn = 0, ..., N − 1 are the delay and time indices,
respectively. The equivalent TFsG(f ; t) can then be calculated by taking the
one-dimensional Fourier transform of the IRs in the delay domain, namely

G(f ; t) =

∫ +∞

−∞
H(τ ; t)e−j2πτfdτ. (2.3)

In that case, note that the frequency resolution is given byfs = BW/K (with
K = 510). Furthermore, the total number of recorded snapshotsN depends
on the duration length of each individual measurement run (which can vary
from one route to another).



CHAPTER 3
Non-stationarity of MIMO

vehicular channels

Real-world vehicular radio propagation channels can change very rapidly, ow-
ing to the high mobility of the Tx and Rx vehicles as well as of the scatterers
located in the surrounding environment. This time-varying nature will impact
significantly the spatial structure of the multipath components, whether it be in
terms of magnitudes, propagation delays, Doppler frequency shifts, AoDs and
AoAs, etc. As a consequence, the WSS-US-H assumption can no longer be
fulfilled infinitely over all dimensions but only locally, within short bounded
time, frequency bandwidth and space intervals.

When these stationarity intervals are large enough, then wireless commu-
nication systems can take advantage of them by estimating the statistics of the
underlying radio propagation channel at the Rx side and feed them backto the
Tx side so that it can adapt its transmission scheme accordingly. Nevertheless,
such adaptive mechanisms are not possible when the stationarity regions are
too small, as these statistics would be outdated when fed back to the Tx side
(the current statistics of the radio propagation channel having indeed changed
again in the meantime) [27, 92, 93, 94]. In that case, only blind transmission is
possible, hence yielding important degradations in the communication system
performances. The accurate understanding and modeling of the vehicular ra-
dio propagation channel non-stationarities are thus crucial, e.g. for the design
optimization of such adaptive wireless communication systems.

For that purpose, Section 3.1 first characterizes the frequency- andtime-
dependent behavior of the spatial structure of vehicular MIMO radio prop-
agation channels, which is shown to successfully detect significant changes
occuring in the scattering environment surrounding the Tx and Rx vehicles.
Hence, the CMD is considered in Section 3.2 as a meaningful measure of
the non-stationary behavior of MIMO radio propagation channels, based on
the amount of change in their spatial structures over both time and frequency.
Then, Section 3.3 assesses the validity of the WSS and US assumptions for
measured vehicular radio propagation channels, while a statistical character-
ization of stationarity frequency bandwidths and time durations is also pro-
vided. Finally, Section 4.3 provides a discussion and a conclusion.
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3.1 Frequency- and time-varying MIMO spatial struc-
ture

As already mentioned in Section 1.1.4, one of the most important features of
MIMO radio propagation channels concerns their spatial structure, which is
governed by the radio wave propagation mechanisms that occur between the
Tx and Rx sides. It is therefore meaningful to characterize the non-stationary
behavior of MIMO radio propagation channels by measuring the amount of
change in their spatial correlation matrices over time and frequency.

In the following, full spatial correlation matrices as given by Eq. (1.25)
are assumed to be separable, so that only changes in the Tx and Rx spatial
matrices will be considered.

3.1.1 Estimating spatial correlation matrices

Spatial correlation matrices have theoretically to be estimated over an infinite
number of snapshots and frequency bins, as shown in Eqs. (1.26) and(1.27).
This is nevertheless not possible when regarding radio propagation channels
that are varying over both time and frequency. In that case, spatial correlation
matrices have indeed to be calculated over finite subsets, using a sliding av-
erage window within which the WSS-US assumption isa priori supposed to
locally hold. As depicted in Fig. 3.1,

• The sliding average window spans overL frequency bins and is cen-

tered on the indiceskf ∈ {1, · · · ,
⌊
K−L/2

∆f

⌋
}, ∆f corresponding here to

the frequency shift between two consecutive estimates of the Tx or Rx
spatial correlation matrices,

• The sliding average window spans overM snapshots and is centered

on the indiceskt ∈ {1, · · · ,
⌊
N−M/2

∆t

⌋
}, ∆t corresponding here to the

time shift between two consecutive estimates of the Tx or Rx spatial
correlation matrices,

The frequency- and time-dependent spatial correlation matrices, as defined by
Eqs. (1.26) and (1.27), can thus be rewritten as

R̂Tx(kf ; kt) =
1

LM

(kf−1)∆f+L∑

k′=(kf−1)∆f+1

(kt−1)∆t+M∑

n′=(kt−1)∆t+1

G
T(k′ ; n′)G∗(k′ ; n′),

(3.1)
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Figure 3.1: Principle of the frequency-time sliding average window used for
the estimation of the spatial correlation matrices. The window sizes in fre-
quency and time are chosen asM = 6 snapshots andL = 4 frequency bins,
respectively. The corresponding frequency and time shifts are set to∆f = L/2
and∆t =M/2, respectively.

R̂Rx(kf ; kt) =
1

LM

(kf−1)∆f+L∑

k′=(kf−1)∆f+1

(kt−1)∆t+M∑

n′=(kt−1)∆t+1

G(k′ ; n′)GH(k′ ; n′).

(3.2)
The dimensionsM andL of the sliding average window used for the estima-
tion of the spatial correlation matrices define the minimum stationarity regions
in time and frequency over which the WSS and the US assumptions are as-
sumed to hold, respectively. In other words, stationarity regions in time and
frequency should be at least as large as the dimensionsM andL of the slid-
ing average window, in order to ensure that the spatial correlation matricesare
estimated over regions where the statistics of the underlying radio propagation
channels remain constant. Moreover, note that the elements on the main diag-
onal of the spatial correlation matrix correspond to the average power trans-
mitted or received on each antenna, while the off-diagonal elements give the
correlation between the corresponding Tx-Rx antenna pairs.

Note also that passing from Eqs. (1.26) and (1.27) to Eqs. (3.1) and (3.2),
respectively, relies on the fact that the time-varying TFs are assumed to beer-
godic. In that case, all their moments can indeed be determined from each sin-
gle realization taken within the sliding average window, with probability one



42 Non-stationarity of MIMO vehicular channels

(a) Time-varying PDPs.

(b) Time-varying PSDs.

Figure 3.2: Time-varying PDPs and PSDs, for one route taken from the Aalto
2009 measurement campaign. The Tx and Rx vehicles are traveling in opposite
directions, with occasional obstruction of the LoS component.

[95]. In other words, the expected value E{·} (which corresponds to an ensem-
ble average) can be safely replaced by a time average. Throughout thisthesis,
this ergodicity assumption will therefore be assumed to always hold (though it
will not be tested). As a consequence, the whole analysis regarding the validity
of the WSS assumption will depend on the fact that the time-varying TFs are
effectively ergodic.

3.1.2 Example and general comments

Let us now consider the outcome of the spatial correlation matrix estimation,
for one examplary route taken from the Aalto 2009 measurement campaign
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located in a campus environment with almost no traffic at all. The Tx and Rx
vehicles are traveling in a bend in opposite directions and pass each other at
time t = 23.5 s. Note also that since the Tx and Rx vehicles start initially at
each side of the bend, the LoS component is obstructed at the beginning (i.e.
between timest = 0 andt = 9.5 s) as well as at the end (i.e. between timest =
41.5 andt = 52 s) of the measurement run. Fig. 3.2 shows the corresponding
time-varying PDPs and PSDs, which are both almost “symmetric” with respect
to the time instant at which the two vehicles pass each other (due to the special
configuration of this measurement route).

As shown from the time-varying PSDs in Fig. 3.2(b), the received power
decreases abruptly at both the lower and upper edges of the measurement band-
width, owing to limited bandwidth of the measurement system as well as the
non-flatness of the frequency response of the PN sequence which is used as
transmit signal. Note that this behavior will impact significantly the estimation
of the spatial structure of the underlying MIMO radio propagation channel,
and hence the modeling of its non-stationary behavior over frequency (more
specifically on the edges of the measurement bandwidth), as further discussed
in Section 3.4.1.

Fig. 3.3 shows the temporal evolution of the eigenmodes associated with
the three strongest eigenvalues of the Rx spatial correlation matrices, estimated
for a given frequencyf = 19.9 MHz. Since the LoS component dominates
over the radio wave propagation, the angular spectrum at the Rx side is highly
directive, with only a single AoA (in the direction of the LoS component). In
other words, all the Rx antenna elements that look towards the Tx side experi-
ence the same radio wave propagation conditions and are strongly correlated.
Before (resp. after) the two vehicles pass each other, these elements are lo-
cated at the frontside (resp. backside) of the Rx antenna array (see Table 2.2
for the link to antenna element mapping and Fig. 2.2(b) for the position of the
elements in the antenna array, respectively). The transition between thesetwo
antenna configurations occurs exactly when the Tx and Rx vehicles passeach
other and can be well identified from the spatial structure of the underlying
MIMO radio propagation channel.

Moreover, since these eigenmodes have strongly correlated amplitudes
(note that they are orthogonal only owing to their phase differences), they will
suffer simultaneously from the same deep fades. This is typically the case
between timest = 0 andt = 9.5 s as well as between timest = 41.5 and
t = 52 s, when the LoS component is obstructed and no strong component
dominates over the radio wave propagation any more. There are then only nu-
merous multi-bounced (low-power) interactions with scatterers widely spread
in the environment between the Tx and Rx sides, what leads to large angu-
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(a) First eigenmode.
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(b) Second eigenmode.
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(c) Third eigenmode.

Figure 3.3: Time-varying eigenmodes of the spatial correlation matrices, at
frequencyf = 19.9 MHz. The Tx and Rx vehicles are traveling in opposite
directions, with occasional obstruction of the LoS component.L =M = 20.
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(c) Third eigenmode.

Figure 3.4: Frequency-varying eigenmodes of the spatial correlation matrix, at
time t = 18 s. The Tx and Rx vehicles are traveling in opposite directions,
with occasional obstruction of the LoS component.L =M = 20.
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lar spreads at the link end. As a consequence, the received power impinges
from all possible directions (i.e. the angular spectrum is in that case almost
isotropic), such that the correlation decreases. The spatial correlationmatrix
becomes then increasingly similar to the identity matrix. Hence, the spatial
structure of the underlying MIMO radio propagation channel is also able to
capture accurately transitions between consecutive LoS and NLoS situations.

On the other hand, Fig. 3.4 shows the variations over frequency of the
eigenmodes associated with the three strongest eigenvalues of the Rx spatial
correlation matrices, estimated at timet = 18 s (i.e. before the Tx and Rx
vehicles pass one another). The elements located at the frontside of the Rx
antenna array collect the strongest power, which remains approximately con-
stant over the whole measurement bandwidth (excepted on its edges, owingto
effects due to the limited bandwidth of the measurement system and the PN
sequence). Note that, although not described here, similar observationscould
be obtained for the spatial correlation matrices estimated at the Tx side.

3.2 Stationarity assessment based on the MIMO spa-
tial structure

As observed from the examplary measurement route in Section 3.1, vehicular
MIMO radio propagation channels are strongly frequency- and time-dependent.
Noticeable variations are observed in their spatial structures, which can be re-
lated to changes that are occuring in the scattering environment surrounding
the Tx and Rx vehicles.

The validity of the WSS and US assumptions can therefore be assessed
by measuring the amount of change in the spatial structure of adjacent spatial
correlation matrices (shifted by∆kt and∆kf in time and frequency, respec-
tively). Indeed, if two spatial correlation matrices are similar enough, then the
underlying fading process has the same statistical properties (i.e. the underly-
ing MIMO radio propagation channel can be considered as stationary).

3.2.1 Correlation matrix distance

In [47, 48], the CMD was introduced as a metric for the characterization of
the amount of change between two arbitrary time- and frequency-dependent
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spatial correlation matricesR(kf ; kt) andR(kf +∆kf ; kt +∆kt), i.e.

dcorr(kf , kt ; kf +∆kf , kt +∆kt) = 1− cos(φ)

= 1− tr {R(kf ; kt)R(kf +∆kf ; kt +∆kt)}
‖R(kf ; kt)‖F ‖R(kf +∆kf ; kt +∆kt)‖F

, (3.3)

where tr{·} and‖·‖F are the trace operator and the Frobenius norm, respec-
tively. The CMD is based on the angleφ between the two spatial correlation
matrices that are being compared and can be interpreted as the measure of their
orthogonality, i.e. how much their respective signal subspaces overlap,inde-
pendently on changes in the received power. The CMD ranges betweenzero
when the compared spatial correlation matrices are identical (up to a scaling
factor) and one when they are completely different (i.e. uncorrelated).

Ideally, true spatial correlation matrices, as given by Eq. (1.27), would be
required in order to estimate the CMD (i.e. the non-stationary behavior of the
underlying radio propagation channels) as accurately as possible. Neverthe-
less, this is in practice not possible since they have to be estimated over short
sliding average windows over frequency and time (with dimensionsL andM ,
respectively). As a result, as we do not knowa priori how much the WSS and
US assumptions remain valid, these dimensionsM andL have to be chosen
carefully. In the following, we will useL = 20 frequency bins (i.e.2.35 MHz
wide) andM = 20 snapshots (i.e.0.30 s long) in the frequency and time do-
mains, respectively (further details about the impact of the dimensions of the
sliding average window on the estimation of the CMD can be found Section
3.2.3). Note that these values correspond to the dimensions of the minimum
stationarity region over which the WSS-US assumption is assumed to locally
hold, i.e. the estimated stationarity frequency and time intervals have to be
always larger than these dimensions.

3.2.2 Examples and general comments

Let us now consider the frequency- and time-dependent CMD for the exam-
plary route described in Section 3.1.2, when the Tx and Rx vehicles are travel-
ing in opposite directions (with occasional obstruction of the LoS component).

Fig. 3.5 shows only the case where the Tx and Rx vehicles are getting
closer one from another (between timest = 0 andt = 23.5 s). Two represen-
tative (equivalent baseband) frequencies are also considered, i.e.at the center
(i.e. f = 2 MHz) and at the upper edge of the measurement bandwidth (i.e.
f = 23 MHz), respectively.

When there is a strong LoS component between the Tx and Rx sides, the
CMD remains almost constant over the whole measurement bandwidth, as it is
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(a) t = 4.5 s andf = 2 MHz.
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(b) t = 4.5 s andf = 23 MHz.
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(c) t = 19.5 s andf = 2 MHz.
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(d) t = 19.5 s andf = 23 MHz.
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(e) t = 23.5 s andf = 2 MHz.
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(f) t = 23.5 s andf = 23 MHz.

Figure 3.5: Frequency- and time-dependent CMD estimated at the Rx side.
The magenta cross indicates the frequency and time at which a reference spa-
tial correlation matrix was estimated and compared with those estimated at
other frequencies and times. The Tx and Rx vehicles are traveling in opposite
directions, with occasional obstruction of the LoS component.L = M = 20
and∆f = ∆t = 10, respectively.
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(b) f = −12 MHz and∆f = 0 MHz.
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(c) t = 19.5 s and∆t = 0 s.
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(d) f = 2 MHz and∆f = 0 MHz.
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(f) f = 23 MHz and∆f = 0 MHz.

Figure 3.6: Frequency- and time-dependent CMD estimated at the Rx side asa
function of the frequency (left) and time (right) shifts. The Tx and Rx vehicles
are traveling in opposite directions, with occasional obstruction of the LoS
component.L =M = 20 and∆f = ∆t = 10, respectively.
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shown in Figs. 3.7(c)− 3.7(d) between timest = 10 andt = 23.5 s. In other
words, the spatial structure of the MIMO radio propagation channel does not
change significantly with the frequency shift∆kf . Spatial correlation matrices
estimated at the frequencieskf andkf +∆kf are then almost identical. This
is due to the fact that the LoS component definitely dominates over the other
radio wave propagation mechanisms (and equally affects all the signal fre-
quencies), such that interactions with the scatterers located in the surrounding
environment are almost negligible. On the other hand, when the LoS compo-
nent becomes obstructed, i.e. between timest = 0 andt = 10 s as shown in
Figs. 3.7(a)− 3.7(b), then the radio wave propagation is dominated by the in-
teractions with the surrounding scattering environment. As a consequence, the
signal frequencies may be affected by different multipath components, such
that the spatial structure of the MIMO radio propagation channel can change
significantly with the frequency shift∆kf .

Besides, variations in the spatial structure of the MIMO radio propaga-
tion channel are much more abrupt over time than over frequency and canbe
clearly related to significant changes occuring in the scattering environment
surrounding the Tx and Rx vehicles. Figs. 3.7(a)− 3.7(b) show indeed that a
stationarity region can be identified between timest = 0 andt = 10 s, when
the Tx and Rx vehicles are in a NLoS situation (when they are at each side
of the bend). Similarly, another one can be identified between timest = 10
andt = 23 s, when the LoS component is not obstructed any more and the Tx
and Rx vehicles are approaching one from another, as shown in Figs. 3.7(c)−
3.7(d). Moreover, the closer the Tx and Rx vehicles (typically when they are
passing one another, e.g. at time instantt = 23.5 s), the faster the spatial struc-
ture of the underlying MIMO radio propagation channel is likely to change.In
other words, high CMD values can in that case be achieved within short time
intervals (i.e. between spatial correlation matrices estimated at very close time
instants), what yields the shortest stationarity regions, as represented inFigs.
3.7(e)− 3.7(f).

Noteworthy also is the fact that even though the scenario is almost “sym-
metric” with respect to the time instant at which the two vehicles pass each
other, this is clearly not the case for the estimated CMD. Fig. 3.5 shows that
the spatial structure of the MIMO radio propagation channel is completely dif-
ferent when the Tx and Rx vehicles are approaching (between timest = 0 and
t = 23.5 s) or are moving away one from another (between timest = 23.5
andt = 52.5 s), with however an exception on the edges of the measurement
bandwidth when the LoS is obstructed, see Fig. 3.7(b). This is due to the fact
that the relative orientation of the Tx and Rx antenna patterns can completely
change over time: indeed, when the vehicles are approaching (resp. moving
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away) one from another, antenna elements located at the frontside (resp. back-
side) of the Tx and Rx antenna arrays are facing one another (it was already
observed in Fig. 3.3 from the time evolution of their strongest eigenmodes).
Hence, the comparison between spatial correlation matrices with these two
antenna array configurations will lead to large CMD values.

Alternatively, the variations of the CMD can also be considered over fre-
quency or time only. The left (resp. right) column of Fig. 3.6 represents to
the variations of the CMD versus the frequency (resp. time) shift∆kf (resp.
∆kt), taken at different time instants (resp. frequencies). Values on the diag-
onal correspond in that case to zero frequency (resp. time) shifts (i.e.when
spatial correlation matrices are compared to themselves), such that the CMD
is zero. Off-diagonal elements represent the CMD estimated between adjacent
spatial correlation matrices taken at distinct frequencies or time instants (the
further from the diagonal, the larger the shift∆kf or ∆kt, respectively). As
it can be observed, vehicular MIMO radio propagation channels have spatial
structures that can experience significant changes within very short timein-
tervals, while they noticeably remain approximately constant over the whole
60 MHz measurement bandwidth. It can therefore be already concluded from
this examplary measurement route that vehicular radio propagation channels
violate the WSS assumption much more violated than the US assumption.

3.2.3 Definition of the minimum stationarity regions

Fig. 3.7 shows the impact of the dimensions of the sliding average window on
the estimation of the frequency- and time-dependent CMD

• For small dimensions of the sliding average window, e.g. whenM = 4
snapshots (i.e.0.06 s long) andL = 4 frequency bins (i.e.0.47 MHz
wide), estimated spatial correlation matrices are clearly ill-conditioned
(especially when large antenna arrays are considered at the Tx or Rx
side) and are therefore significantly different from the theoretical expec-
tations. In other words, even consecutive spatial correlation matrices
(in the time or frequency domain) are found to be significantly different
one from another. Hence, the estimated frequency- and time-dependent
CMD represents harsh variations of the spatial structure of the underly-
ing MIMO radio propagation channel over time and frequency, which
do definitely not represent accurately the ”true” ones,

• As the dimensionsM andL of the sliding average window increase,
e.g. whenM = 20 snapshots (i.e.0.30 s long) andL = 20 frequency
bins (i.e. 2.35 MHz wide), estimated spatial correlation matrices are



52 Non-stationarity of MIMO vehicular channels

Time [s]

F
re

qu
en

cy
 [M

H
z]

 

 

0 10 20 30 40 50

−30

−20

−10

0

10

20

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

(a) M = L = 4 and∆f = ∆t = 10.
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(b) M = L = 4 and∆f = ∆t = 10.
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(c) M = L = 20 and∆f = ∆t = 10.
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(d) M = L = 20 and∆f = ∆t = 10.
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(e) M = L = 100 and∆f = ∆t = 10.
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(f) M = L = 100 and∆f = ∆t = 10.

Figure 3.7: Frequency- and time-dependent CMD estimated at the Rx side, for
different dimensions of the sliding average window. The two reference spatial
correlation matrices were taken att = 4.5 s andf = 2 MHz andt = 19.5 s
andf = 2 MHz, respectively. The Tx and Rx vehicles are traveling in opposite
directions, with occasional obstruction of the LoS component.
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better conditioned. They become in that case closer from their theo-
retical expectations, such that the frequency- and time-dependent CMD
represents smoother (and more reliable) variations of the spatial struc-
ture of the underlying MIMO radio propagation channel over time and
frequency,

• Finally, for large dimensions of the sliding average window, e.g. when
M = 100 snapshots (i.e.1.50 s long) andL = 100 frequency bins
(i.e. 11.76 MHz wide), estimated spatial correlation matrices are clearly
well-conditioned. However, the fading process is in that case likely to
change over much shorter time (resp. frequency) scales, such that the
WSS-US assumption may no longer be fulfilled within the sliding av-
erage window. Besides, consecutive spatial correlation matrices in time
(resp. frequency) are all more or less significantly correlated, since they
are estimated using the same snapshots (resp. frequency bins). As a
result, the spatial structure of the underlying MIMO radio propagation
channel may remain unchanged over very large time (resp. frequency)
intervals. In other words, the frequency- and time-dependent CMD does
no longer accurately represent the ”true” variations of its spatial struc-
ture over time and frequency. Moreover, note that stationarity regions
shorter than the sliding average window cannot be estimated (as the di-
mensionsM andL of the sliding average window define the minimum
stationarity region over which the WSS and US assumptions is assumed
to locally hold, respectively).

As a consequence, a trade-off must be taken into account between the accu-
racy of the spatial correlation matrices estimates (the dimensionsM andL
have to be large enough, such that the spatial correlation matrices are well-
conditioned) and the local fulfillment of the WSS-US assumption (i.e. the
dimensionsM andL do not have to be too large, since the fading behavior has
to remain unchanged over the time and frequency span of the sliding average
window, respectively). This is the reason why sliding average windows with
dimensionsL = 20 frequency bins andM = 20 snapshots are used in order to
estimate spatial correlation matrices, as previously mentioned in Section 3.2.1.

3.2.4 Identifying frequency and time stationarity intervals

Since the CMD is a bounded metric, indicative threshold values can be defined
in order to identify stationarity time durations and frequency bandwidths over
which the WSS and US assumptions are locally fulfilled, respectively.
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37.5 s) and the corresponding stationarity fre-
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Figure 3.8: Stationarity frequency bandwidth for different thresholdscf . The
Tx and Rx vehicles are traveling in opposite directions with occasional ob-
struction of the LoS component.L = M = 20 and∆f = ∆t = 10, respec-
tively.

Stationarity frequency bandwidth

For a given time instant and a given frequency bin, the stationarity frequency
bandwidth is defined as the maximum (connected) frequency bandwidth over
which the CMD remains below some indicative threshold valuecf , such that

Fs(kf ; kt) = [kf,max(kf ; kt)− kf,min(kf ; kt)]∆f fs, (3.4)

wherekf,min(kf ; kt) andkf,max(kf ; kt) are the frequency-varying lower and
upper bounds of the stationarity frequency bandwidth, respectively, i.e.

kf,min(kf ; kt) = arg max
−kf≤∆kf≤0

dcorr (kf , kt ; kf , kt) ≥ cf

kf,max(kf ; kt) = arg min

0≤∆kf≤

⌊

K−L
∆f

⌋

−kf

dcorr (kf , kt ; kf +∆kf , kt) ≥ cf .

These stationarity frequency bandwidth can therefore be interpreted asa coher-
ence bandwidth that would be estimated from frequency- and time-dependent
spatial correlation matrices. In other words, two different frequencies of the
transmitted signal (when taken within the same stationarity frequency band-
width) do experience comparable (or correlated) spatial structures of the un-
derlying MIMO radio propagation channel.
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Fig. 3.8(a) shows the frequency-dependent stationarity frequency band-
width estimated at timet = 37.5 s using different thresholdscf for the same
examplary route as previously. The less restrictive the thresholdcf is, the more
sensitive the stationarity frequency bandwidths are to small changes in the spa-
tial structures of MIMO radio propagation channels. On the other hand, Fig.
3.8(b) shows that reasonable estimates of the stationarity frequency bandwidth
can be obtained forcf = 0.2, in good agreement with what was reported in
[96]. The smooth variations of the estimated stationarity frequency bandwidth
over frequency are due to the fact that the spatial correlation matrices are esti-
mated over sliding average windows that are wide enough (usingL consecutive
frequency bins) with respect to the number of measured frequency bins.

Stationarity time intervals

Similarly, the stationarity time duration is defined as the maximum (connected)
time interval over which the CMD remains below some indicative threshold
valuect, such that

Ts(kf ; kt) = [kt,max(kf ; kt)− kt,min(kf ; kt)]∆t trep, (3.5)

wherekt,min(kf ; kt) andkt,max(kf ; kt) are the time-varying lower and upper
bounds of the stationarity time interval, respectively, i.e.

kt,min(kf ; kt) = arg max
−kt≤∆kt≤0

dcorr (kf , kt ; kf , kt +∆kt) ≥ ct

kt,max(kf ; kt) = arg min
0≤∆kt≤

⌊

N−M
∆t

⌋

−kt

dcorr (kf , kt ; kf , kt +∆kt) ≥ ct.

These stationarity time interval can therefore be interpreted as a coherence
time that would be estimated from frequency- and time-dependent spatial cor-
relation matrices. In other words, signals transmitted at two different time
instants (when taken within the same stationarity time interval) do experience
comparable (or correlated) spatial structures of the underlying MIMO radio
propagation channel.

Fig. 3.9(a) shows the time-varying stationarity time duration estimated at
frequencyf = −24 MHz using different thresholdsct for the same examplary
route as previously. Again, the less restrictive the thresholdct is, the more sen-
sitive the stationarity time intervals are to small changes in the spatial struc-
tures of MIMO radio propagation channels. Fig. 3.9(b) shows that reasonable
estimates of the stationarity time duration can be obtained forct = 0.2, in good
agreement with what is reported in [47, 48]. Moreover, the jitter is due to the
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Figure 3.9: Stationarity distance for different thresholdsct. The Tx and Rx
vehicles are traveling in opposite directions, with occasional obstruction ofthe
LoS component.L =M = 20 and∆f = ∆t = 10, respectively.

fact that the spatial correlation matrices used for the estimation of the CMD
are estimated over short sliding average windows (using onlyM consecutive
snapshots in the time domain). The stationarity time duration should rather re-
main constant for each time instant within a same stationarity region. In other
words, the stationarity time duration should theoretically vary by blocks, with
sharp transitions between two consecutive ones.

Since the stationarity time duration depends on the Tx and Rx vehicles’
speed, it can equivalently be expressed in terms of traveled distance. Hence,
stationarity distances can equivalently be defined as

Ds(kf ; kt) = v(kt) Ts(kf ; kt), (3.6)

wherev(kt) is the speed of the vehicles at the time instantkt. However, since
the exact vehicles’ speed was not available at each time instant during the
measurement campaign,v(kt) can be replaced in the previous relationship by
its average valuēv.

3.3 Empirical analysis of the non-stationary behavior

So far, we have shown that the non-stationary behavior of MIMO radio propa-
gation channels can be successfully detected and characterized basedon their
spatial structure. However, only one single measurement route was up to now
considered as an examplary case. Hence, this analysis can now be extended
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to the large data sets collected during the Aalto 2007 and 2009 measurement
campaigns, in order to assess more generally the validity of the WSS and US
assumptions in vehicular environments.

3.3.1 (In)-validity of the US assumption?

Fig. 3.10 shows how much the stationarity frequency bandwidthFs(kf ; kt)
varies simultaneously over time and frequency. For that purpose, three exam-
plary measurement scenarios are considered, with different temporal dynamics
and scattering richness conditions, i.e. respectively

• When the Tx and Rx vehicles are traveling in a bend in opposite direc-
tions, in a campus environment with almost no traffic at all. They pass
each other at timet = 23.5 s. The LoS component is obstructed at the
beginning (i.e. between timest = 0 andt = 9.5 s) as well as at the end
(i.e. between timest = 41.5 andt = 52 s) of the measurement run,

• When the Tx and Rx vehicles are traveling always in the same direction,
in an open campus environment with light traffic conditions. The LoS
component is obstructed by a van that comes between the Tx and Rx
vehicles in the middle of the measurement run (i.e. between timest =
30 andt = 65 s),

• When the Tx and Rx vehicles are first traveling in the same direction, in
a sub-urban environment with medium traffic conditions. Then, at time
t = 18 s, each vehicle is taking a different direction when arriving at a
fork in the road. The LoS component is then obstructed until the end of
the measurement run.

As it can be observed, the richer the scattering environment surrounding the Tx
and Rx vehicles, the smaller the stationarity frequency bandwidthFs(kf ; kt).
When the radio wave propagation is dominated by a strong LoS component,
then the different multipath components do indeed not have a significant im-
pact on the transmitted signal. As a consequence, all the frequencies areaf-
fected by the same fading conditions, such that the stationarity frequency band-
width Fs(kf ; kt) spans almost the whole measurement bandwidthB = 60
MHz (note that even though the actual stationarity frequency bandwidth could
be much larger, it is upper-bounded by this value). On the other hand, smaller
(but still relatively high) stationarity frequency bandwidths are obtained in
richer scattering environments. This is typically the case when the LoS com-
ponent is obstructed, such that the radio wave propagation is in that casedom-
inated by the numerous multipath components stemming from the same scat-
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Figure 3.10: Time-varying PSDs and the corresponding frequency- and time-
dependent stationarity frequency bandwidth, for three different scenarios in-
vestigated during the Aalto 2009 measurement campaign.L = M = 20,
∆f = ∆t = 10 andcf = 0.2, respectively.
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terer with different delays, as shown for example in Figs. 3.10(b)− 3.10(f).
Moreover, it has to be pointed out that the stationarity frequency bandwidth
decreases abruptly for both low and high frequencies, owing to the limited
bandwidth of the measurement system and the PN sequence.

Table 3.1 summarizes(i): the 5%-percentile,(ii): the median,(iii): the
95%-percentile and(iv): the standard-deviation of the stationarity frequency
bandwidthFs(kf ; kt) estimated in the different scenarios investigated during
the Aalto 2009 measurement campaign. Note that the estimated stationarity
frequency bandwidths are almost always larger than the frequency bandwidth
of the sliding average window used in order to calculate the spatial correlation
matrices. The smallest stationarity frequency bandwidths are found to occur
in the richest scattering scenarios (e.g. in underground parkings, when the Tx
and Rx vehicles pass each other, etc.) with median values around35 - 40 MHz,
whereas their standard-deviations always remain around15 MHz.

Similar observations were reported in [96], where the validity of the US
assumption was assessed by characterizing the amount of change over fre-
quency between consecutive Local Scattering Functions (LSFs), based on the
collinearity metric (these LSFs were averaged over all Tx-Rx antenna links,
such that the equivalent antenna radiation pattern is almost fully omnidirec-
tional). Mean stationarity frequency bandwidths were in that case reported to
range from80 up to230MHz (with a measurement bandwidth of240MHz, i.e.
edge effects due to the limited measurement bandwidth were also observed),
depending on the temporal variability of the scattering environments under in-
vestigation (which appear to be mostly similar to the ones described in Section
2.3.3). These values are always much larger than the10 MHz bandwidth that is
used in IEEE 802.11p radio communication systems, such that it can be safely
concluded that vehicular radio propagation channels do hardly violate theUS
assumption.

3.3.2 (In)-validity of the WSS assumption?

For wideband radio propagation channels

Fig. 3.11 shows how much the stationarity time durationTs(kf ; kt) varies
simultaneously over frequency and time. The different sub-figures correspond
to the same three examplary routes already considered in Section 3.3.1.

As it can be observed, the smallest stationarity time durationsTs(kf ; kt)
are found to occur when the scattering environment surrounding the Tx and
Rx vehicles varies rapidly over time. The spatial structure of the radio propa-
gation channel (and therefore the underlying fading statistics) is then likelyto
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(c) Time-varying PDPs with occasional ob-
struction of the LoS component.

Time [s]

F
re

qu
en

cy
 [M

H
z]

 

 

20 40 60 80 100

−25

−20

−15

−10

−5

0

5

10

15

20

25

[s]

5

10

15

20

25

30

35

Obstructions of the
LoS component

(d) Stationarity time duration with occasional
obstruction of the LoS component.

Time [s]

D
el

ay
 [µ

s]

 

 

0 10 20 30 40

0

0.5

1

1.5

2

2.5

3

3.5

4

[dB]
20

25

30

35

40

45

50

55

60

65

70

Tx and Rx vehicles traveling
in different directions

(e) Time-varying PDPs for different traveling
directions (NLoS situation).
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Figure 3.11: Time-varying PDPs and the corresponding frequency- and time-
dependent stationarity time duration, for three different scenarios investigated
during the Aalto 2009 measurement campaign.L =M = 20, ∆f = ∆t = 10
andct = 0.2, respectively.
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change completely over short time scales. This is typically the case when the
Tx and Rx vehicles are traveling in opposite directions and pass each other,
as shown in Fig. 3.11(b), or when the LoS component becomes suddenly ob-
structed, as it is illustrated in Fig. 3.11(f). Noteworthy also is the fact that
although the LoS component is obstructed, frequencies at the upper andlower
edges of the measurement bandwidth exhibit large stationarity time durations.
In other words, this means that these frequencies are much less sensitiveto
changes in the spatial structure of the MIMO radio propagation channel due to
the LoS component (contrary to the frequencies at the center of measurement
bandwidth). On the other hand, longer stationarity time durations occur when
the scattering environment varies more slowly (with respect to the motion of
both the Tx and Rx vehicles). This is typically the case when there is a strong
LoS component that dominates over the radio wave propagation, as shown in
Fig. 3.11(f), or when the LoS component is definitely obstructed (with Tx and
Rx vehicles moving slowly), as this is illustrated in Fig. 3.11(e).

Table 3.1 summarizes(i): the 5%-percentile,(ii): the median,(iii): the
95%-percentile and(iv): the standard-deviation of the stationarity time du-
rationTs(kf ; kt) estimated in the different scenarios investigated during the
Aalto 2009 measurement campaign. Noteworthy are the estimated stationarity
time durations always longer than the size of the sliding average window used
in order to calculate the spatial correlation matrices. Furthermore, the median
stationarity distance ranges from8.7 up to31.2 m (or, equivalently, from4.8
up to19.2 s, when the Tx and Rx vehicles are traveling atv̄ = 15 km/h) and
its standard-deviation from10.4 up to37.5 m (or, equivalently, from2.5 up to
9.0 s, whenv̄ = 15 km/h), depending on the investigated scenario.

These values are all in good agreement with those reported in [39, 96] (in
terms of stationarity distances), where the validity of the WSS assumption was
assessed by characterizing the amount of change over time between consecu-
tive LSFs, based on the collinearity metric. Mean stationarity time durations
were in that case reported to range from0.6 up to 2.6 s (i.e. from15 up to
65 m at v̄ = 90 km/h), depending on the temporal variability of the scattering
environments under investigation.

For narrowband radio propagation channels

As seen in Section 3.3.1, the US assumption can reasonably be considered as
holding over the whole measurement bandwidthB, such that multipath com-
ponents arriving at different delays are uncorrelated. Hence, the size of the
sliding average window in the frequency domain can be extended to span the
whole measurement bandwidth, i.e. usingL = K = 510 frequency bins. The
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Figure 3.12: CDFs of the stationarity time duration estimatedTs(kt) for all
the environments investigated during the Aalto 2007 measurement campaign.
M = 20, ∆t = 1 andct = 0.2, respectively.

so-estimated spatial correlation matrices thus characterize the spatial structure
of the equivalent narrowband radio propagation channel, which is obtained
from the IRs by coherent summation in the delay domain, i.e.

H(ntrep) =
K−1∑

k=0

H(τk ; ntrep). (3.7)

Enlarging the size of the sliding average window thus allows a refined estima-
tion of the spatial correlation matrices. The variations in the spatial structure
of the MIMO radio propagation channel are then more accurately detectedand
characterized, hence yielding a better resolution for the identification of time-
varying stationarity time durationTs(kt).

Table 3.1 summarizes(i): the 5%-percentile,(ii): the median,(iii): the
95%-percentile and(iv): the standard-deviation of the stationarity time dura-
tion Ts(kt) estimated in the different scenarios investigated during the Aalto
2009 measurement campaign. On the other hand, Table 3.3 provides the pa-
rameterization of the corresponding Gamma distribution. Both the wideband
and narrowband stationarity time durationsTs(kf ; kt) andTs(kt) are found
to be relatively close one from another. Though, some discrepancies can be
observed, due to a limited data sets for some scenarios, e.g. in the case when
the Tx and Rx vehicles are traveling in different directions.

Moreover, Fig. 3.12 shows the Cumulative Density Functions (CDFs) of
the stationarity time durationTs(kt) estimated in all the environments inves-
tigated during the Aalto 2007 measurement campaign. When the Tx and Rx
vehicles are traveling in the same direction, median stationarity distances range



Non-stationarity of MIMO vehicular channels 63

between10 and40 m (or, equivalently, median stationarity time durations be-
tween4.8 and19.2 s, whenv̄ = 7.5 km/h), in good agreement with the results
of the Aalto 2009 measurement campaign. The smallest stationarity time du-
rations occur in the urban environment, owing to a high density of scatterers
which can appear or disappear on very short time scales. On the other hand,
the highway environment provides the largest stationarity time durations, due
to a fewer number of scatterers homogeneously distributed in the environment
surrounding the Tx and Rx vehicles. Moreover, since the campus and sub-
urban environments share the same characteristics, they provide comparable
stationarity time durations.

Noteworthy also are the stationarity time durations at the Tx and Rx sides
very similar, i.e. the corresponding spatial structures of the MIMO radio prop-
agation channel indicate the same changes in the scattering environment over
time. In other words, it can be concluded that the WSS assumption holds for
vehicular radio propagation channels only locally over short time intervals.

3.4 Statistical modeling the non-stationary behavior

The distribution of the stationarity frequency bandwidths and stationarity time
durations can now be characterized to account for their time and frequency
variability, respectively. In this Section, we will consider only the ones esti-
mated from the data collected during the Aalto 2009 measurement campaign.

3.4.1 Modeling the stationarity frequency bandwidths

Fig. 3.13 shows that the frequency- and time-dependent stationarity frequency
bandwidthFs(kf ; kt) can be best described using a three-modal Gaussian
distribution, which is defined as

f(ωi ; µi ; σi) =
3∑

i=1

ωi N (µi ; σi), (3.8)

whereN (µi ; σi) denotes the normal PDF of theith mode of the distribu-
tion with meanµi and standard-deviationσi, andωi the associated weight,
respectively. The parameterization of this three-modal Gaussian distribution
is provided in Table 3.2 for all the scenarios that were investigated during the
Aalto 2009 measurement campaign.

The first mode describes approximately10% of the overall distribution and
encompasses the smallest stationarity frequency bandwidths. These values are
usually found within two sub-bands of approximately3 MHz located at both
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Figure 3.13: Distribution of the frequency- and time-dependent stationarity
frequency bandwidthFs(kf ; kt) estimated at the Rx side, for two different
scenarios taken from the Aalto 2009 measurement campaign.L = M = 20,
∆f = ∆t = 10 andcf = 0.2, respectively.

the lower and upper edges of the measurement bandwidth, as it can be ob-
served in Fig. 3.10. These two sub-bands correspond to the frequencies for
which the transmitted power drops significantly, owing to the limited band-
width of the measurement system and the PN sequence. These stationarity
frequency bandwidths can therefore be considered as artifacts, which do not re-
liably characterize the non-stationary behavior of the underlying MIMO radio
propagation channel at these frequencies, and could easily be discarded from
the modeling (i.e. by investigating the validity of the US assumption over only
the central part of the measurement bandwidth, which is60−2×3 = 54 MHz
wide). However, this mode can possibly represent up to30% of the measured
stationarity frequency bandwidths in very rich scattering environments (typi-
cally when the Tx and Rx vehicles are traveling in separate directions, under
deep NLoS conditions). On the other hand, the second mode characterizes in-
termediate values of the stationarity frequency bandwidth which are typically
ranging from30 to 40 MHz (i.e. larger than the10 MHz bandwidth of the
IEEE 802.11p standard). This mode corresponds therefore to situations where
multipath components are arriving at the Rx side with significant power (this
typically occurs in rich scattering environment). Finally, the last mode of the
distribution encompasses the largest stationarity frequency bandwidths, which
are covering almost the whole measurement bandwith. This corresponds tosit-
uations when multipath components that are arriving at the Rx side have only
a minor impact in the radio wave propagation (typically when there are only
few scatterers in the environment surrounding the Tx and Rx vehicles) and



Non-stationarity of MIMO vehicular channels 65

0 5 10 15 20 25 30 35
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Stationarity time duration [s]

C
um

ul
at

iv
e 

de
ns

ity
 fu

nc
tio

n

 

 

Same direction (LoS)
Gamma distribution
Urban environment
Gamma distribution

Figure 3.14: Distribution of the frequency- and time-dependent stationarity
time durationTs(kf ; kt) estimated at the Rx side, for two different scenarios
taken from the Aalto 2009 measurement campaign.L = M = 20, ∆f =
∆t = 10 andcf = 0.2, respectively.

represent in all the investigated scenarios about30 to 60% of the measured
values.

3.4.2 Modeling the stationarity time durations

Fig. 3.14 shows that the frequency- and time-dependent stationarity time du-
rationTs(kf ; kt) can be modeled using a Gamma distribution, with PDF

f(x ; θ, k) =
1

θk
1

Γ(k)
xk−1e−

x
θ , (3.9)

whereθ andk are the scale and shape parameters of the distribution, respec-
tively. The parameterization of the Gamma distribution of the stationarity time
durationTs(kf ; kt) estimated in the different scenarios investigated during the
Aalto 2009 measurement campaign is provided in Table 3.3.

3.5 Conclusions and general comments

In this Chapter, the non-stationary behavior of MIMO vehicular radio propaga-
tion channels was investigated by measuring the amount of change in their spa-
tial structure over both frequency and time. The CMD was used for that pur-
pose, as it was shown to successfully detect significant changes in the scatter-
ing environment surrounding the Tx and Rx vehicles, e.g. the (dis)-appearance
of the LoS component, when the Tx and Rx vehicles pass one another, when
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they are moving away one from another, etc. Both the WSS and US assump-
tions were then assessed by applying indicative thresholds on the CMD.

Time- and frequency-dependent stationarity time durations and frequency
bandwidths were defined as the local regions in time and frequency over which
the underlying fading statistics remain constant, respectively. The measured
stationarity distances and frequency bandwidths were approximately10 to 40
m long (depending on the environment or scenario under investigation) and 40
to 50 MHz wide (i.e. almost the whole measurement bandwidth), respectively.
Interestingly, note that these values are all in good agreement with those esti-
mated from different measurement campaigns using another metric [39, 96].

From these observations, it can therefore be concluded that the WSS as-
sumption holds only over very short time intervals, whereas the US assumption
is not violated within the10 MHz bandwidth of IEEE 802.11p radio communi-
cation systems. In other words, the non-stationary behavior of vehicularradio
propagation channels is much more critical over time than over frequency.

Moreover, it has to be pointed out that there is no clear relationship be-
tween the estimated stationarity time durations and frequency bandwidths. For
example, strong violations of the WSS assumption (i.e. short stationarity dis-
tances) do not necessarily imply the fact that the US assumption will also be
strongly violated, since they do not rely on the same radio wave propagation
mechanisms, i.e.

• The non-stationary behavior over frequency depends on the richness of
the scattering environment surrounding the Tx and Rx vehicles. Rich
(resp. poor) scattering environments yield indeed smaller (resp. larger)
stationarity frequency bandwidthsFs,

• The non-stationary behavior over time depends on how rapidly the scat-
tering environment changes around the Tx and Rx vehicles. Highly dy-
namic (resp. static) scattering environments (with respect to the motion
of the Tx and Rx vehicles) yield indeed smaller (resp. larger) stationarity
time durationsTs.

Hence, let us consider for example a rich scattering environment that remains
“static” over time (with respect to the motion of the Tx and Rx vehicles). In
that case, the WSS assumption can be fulfilled over wide stationarity time
durations, whereas the US assumption holds over small stationarity frequency
bandwidths. If now all the scatterers in this environment start moving, then the
scattering environment surrounding the Tx and Rx vehicles will be not only
rich but also rapidly time-varying. In other words, the US assumption will
still hold only over small stationarity frequency bandwidths, while the WSS
assmuption will now be fulfilled over shorter stationarity time durations.
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Table 3.1: Stationarity intervals for all the the scenarios investigated during the
Aalto 2009 measurement campaign. For the frequency- and time-dependent
stationarity frequency bandwidth and time duration:L = M = 20, ∆f =
∆t = 10 andcf = ct = 0.2, respectively. For the time-dependent stationarity
time duration:L = 20, ∆t = 10 andct = 0.2, respectively.

Fs(kf ; kt) Ts(kf ; kt) Ts(kt)
[MHz] [s] [s]

5 % prctile 2.35 0.45 0.60
Underground parkings Median 41.18 3.60 4.95

(3 routes) 95 % prctile 54.12 13.19 16.34
Std. 15.30 4.26 5.41

5 % prctile 2.35 0.30 0.45
Road crossings Median 41.18 2.40 3.15

(2 routes) 95 % prctile 55.29 10.94 11.39
Std. 16.15 3.36 3.57

5 % prctile 2.35 0.60 0.75
Urban environment Median 51.76 2.25 2.55

(2 routes) 95 % prctile 55.29 18.74 18.89
Std. 15.14 5.99 6.39

5 % prctile 3.53 0.45 0.60
Opposite directions Median 43.53 3.00 3.60

(3 routes) 95 % prctile 54.12 8.40 9.00
Std. 16.84 2.54 2.47

5 % prctile 4.71 1.50 2.53
Different directions Median 36.47 7.50 8.10

(1 route) 95 % prctile 52.94 30.13 16.49
Std. 16.06 8.86 4.55

5 % prctile 3.53 0.45 0.75
Static-to-mobile Median 43.53 2.10 2.70

(4 routes) 95 % prctile 52.94 13.04 8.40
Std. 17.44 4.60 2.49

5 % prctile 2.35 1.20 1.65
Same direction (LoS) Median 43.53 7.50 8.85

(8 routes) 95 % prctile 54.12 21.44 27.60
Std. 16.28 6.40 7.43

5 % prctile 3.53 0.60 1.05
Same direction (partial NLoS) Median 41.18 4.35 5.25

(7 routes) 95 % prctile 52.94 16.04 16.34
Std. 17.09 5.18 4.84
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Table 3.2: Parameters of the three-modal Gaussian distribution of the stationarity frequency bandwidthFs(kf ; kt) for all
the scenarios investigated during the Aalto 2009 measurement campaign.L = M = 20, ∆f = ∆t = 10 andcf = 0.2,
respectively.

i = 1 i = 2 i = 3

ω1 µ1 σ1 ω2 µ2 σ2 ω3 µ3 σ3

Underground parkings
0.07 1.97 0.81 0.57 33.51 10.14 0.36 52.30 1.70

(3 routes)
Road crossings

0.10 3.23 1.74 0.51 32.79 10.72 0.39 51.20 2.97
(2 routes)

Urban environment
0.07 2.01 0.90 0.35 35.71 9.30 0.58 52.76 1.24

(2 routes)

Opposite directions
0.12 4.54 2.87 0.51 35.17 11.36 0.37 52.50 1.33

(3 routes)

Different directions
0.28 10.28 5.75 0.48 36.88 4.43 0.24 51.85 1.68

(1 route)

Static-to-mobile
0.21 8.41 5.40 0.40 36.03 9.83 0.39 52.01 1.41

(4 routes)

Same direction (LoS)
0.09 2.51 1.19 0.48 31.33 10.68 0.43 51.40 2.18

(8 routes)

Same direction (partial NLoS)
0.14 4.59 2.37 0.50 31.89 11.91 0.36 50.62 2.34

(7 routes)
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Table 3.3: Parameters of the Gamma distribution of the stationarity time dura-
tionsTs(kf ; kt) andTs(kt) for all the scenarios investigated during the Aalto
2009 measurement campaign. ForTs(kf ; kt): L = M = 20, ∆f = ∆t = 10
andcf = ct = 0.2, respectively. ForTs(kt): L = 510,M = 20, ∆t = 10 and
ct = 0.2, respectively.

Ts(kf ; kt) [s] Ts(kt) [s]

ks θs [s] ks θs [s]

Underground parkings
1.26 3.93 1.33 4.96

(3 routes)

Road crossings
1.29 2.87 1.47 2.91

(2 routes)

Urban environment
0.93 5.51 1.00 5.86

(2 routes)

Opposite directions
1.71 2.08 2.11 1.93

(3 routes)

Different directions
1.51 6.74 3.39 2.49

(1 route)

Static-to-mobile
1.09 3.23 2.09 1.65

(4 routes)

Same direction (LoS)
1.67 4.87 1.75 5.42

(8 routes)

Same direction (partial NLoS)
1.27 4.43 1.71 3.62

(7 routes)
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Table 3.4: Parameters of the Gamma distribution of the stationarity time dura-
tion Ts(kt) at the Tx and Rx sides in all the environments investigated during
the Aalto 2007 measurement campaign.L = 510, M = 1, ∆t = 10 and
ct = 0.2, respectively.

At the Tx side At the Rx side

ks θs [s] ks θs [s]

Campus
3.06 5.67 3.54 3.70

(4 routes)

Urban
2.04 5.24 1.95 4.47

(3 routes)

Sub-urban
1.86 11.06 1.92 8.25

(6 routes)

Highway
2.19 10.57 1.89 12.91

(5 routes)



CHAPTER 4
Stochastic modeling of

non-stationary vehicular channels

As pointed out in the Chapter 3, vehicular radio propagation channels arein-
trinsically non-stationary. The WSS assumption is indeed fulfilled only over
short traveled distances (typically on the order of10 to 40 m), such that each
OFDM frame of the transmitted signal may experience different fading con-
ditions. On the other hand, the US assumption remains valid over large fre-
quency bandwidths (typically on the order of40 to 50 MHz), so that it is
almost never not violated over the narrower (10 MHz) bandwidth of IEEE
802.11p communication systems. Finally, the H assumption can also be vio-
lated, owing to correlation between adjacent antenna elements or non-isotropic
antenna patterns at the Tx and Rx sides. As a consequence, the statisticalprop-
erties of vehicular radio propagation channels can no longer be considered as
constant over any of these dimensions, as it is the case in the already existing
stochastic radio propagation channel models (TDLs are for example based on
the WSS-US assumption).

Therefore, this Chapter focuses on the characterization of these time, fre-
quency and space non-stationary behaviors. Section 4.1 first coversthe time-
and space-varying description of the narrowband large- and small-scale fad-
ing statistics. These statistics are estimated over the time-varying narrowband
stationarity time intervals that were previously identified in Section 3.3.2 and
compared to the values that would have been obtained under the WSS assump-
tion. This approach is then extended in Section 4.2 to the wideband case, over
the whole60 MHz measurement bandwidth. The time and space dependen-
cies of the Ricean K-factor as well as of the RMS delay spread are investigated
over the time-varying wideband stationarity time intervals that were previously
identified in Section 3.3.2.

4.1 Narrowband channel modeling

As the non-stationary behavior of vehicular radio propagation channelsis much
stronger over time than over frequency (especially for IEEE 802.11p radio
communication systems), we focus in the following only on the non-stationary
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statistical characterization of the equivalent narrowband radio propagation chan-
nels, as given by Eq. (1.2), based on the data collected during the Aalto 2007
measurement campaign (described in Section 2.2). This is indeed relevant,
since the US assumption was found in the Section 3.3.1 to hold over the whole
measurement bandwidth.

4.1.1 Fading statistics under WSS assumption

Let first suppose the case where the WSS assumption is always fulfilled. The
large- and small-scale fading statistics are then assumed to remain constant
over the whole measurement time and can therefore be estimated using differ-
ent approaches, namely

Separation of the large- and small-scale fading processes

The average received power can be estimated at each time instant and foreach
Tx-Rx antenna pair by low-pass filtering the received power with a40λ sliding
average window [97], such that

S(kt ; p) =
1

NLS

kt+NLS/2−1∑

n′=kt−NLS/2

|h(kt ; p)|2 . (4.1)

According to Eq. (1.2), the large-scale fading is then extracted by removing
from the so-estimated average received power the deterministic distance de-
pendent pathloss, so that it can be expressed (in the dB scale) as

SLS,[dB](kt ; p) = S[dB](kt ; p)−G0,[dB] − 10n log10

(
d

d0

)
. (4.2)

For each Tx-Rx antenna pair, the so-extracted large-scale fading canbe mod-
eled as a normally distributed random process with zero-mean and variance
σ2LS,[dB](p). On the other hand, the small-scale fading can be derived as

sss(kt ; p) =
h(kt ; p)√
S(kt ; p)

. (4.3)

For each Tx-Rx antenna link, the envelope of the so-extracted small-scalefad-
ing can be modeled as a Ricean random process, with K-factorKss(p). K-
factor values close to0 (in linear scale) denote deep (Rayleigh-like) fading
conditions, while larger values yield more coherent fading conditions, i.e. with
less variations in amplitude.
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Composite modeling

Such approaches were originally proposed for satellite and land mobile com-
munications systems, when the small- and large-scale fading mechanisms tend
to occur on similar distance scales and are therefore intrinsically mixed. In
that case, the received signal envelope can be modeled as the productof two
different processes (after having removed the pathloss component) , i.e.

h(kt ; p) =
√
SLS(kt ; p) · sss(kt ; p), (4.4)

whereSLS(kt ; p) andsss(kt ; p) are the large- and small-scale fading, respec-
tively. The PDF of the received signal envelope is then given by

f|h|(x) =

∫ +∞

0
fss(x|y)fLS (y) dy, (4.5)

wherefss(x|y) is the PDF of the envelope of the small-scale fading conditioned
on a certain large-scale fading, whose PDF is given byfLS(y). Assuming these
two processes to be independent one from another, their joint distributioncan
then be rewritten as

f|h|(x) =

∫ +∞

0

1

y
fss

(
x

y

)
fLS(y)dy. (4.6)

Any mixture of distributions can be considered in these relationships for the
characterization of the narrowband received signal envelope. As a result, when
combining Eqs. (1.3) and (1.5), the PDF of the composite Rice-lognormal
distribution can be expressed as

f|h|(x) =

∫ +∞

0

1

σ2ss

x

y
e
−

[

Kss+
1

2σ2
ss

(

x
y

)2
]

·

I0

(√
2Kss

σss

x

y

)
1√

2πσLSy
e
−

(ln y)2

2σ2
LS dy,

(4.7)

whereKss andσss are the Ricean K-factor and the energy of the diffuse part
of the small-scale fading, respectively, whereasσ2LS denotes the variance of
the zero-mean lognormal large-scale fading. Fig. 4.1 shows the CDF of the
Rice-lognormal composite distribution under different fading conditions.

Note that whenKss → 0, the Rice-lognormal composite distribution in
Eq. (4.7) reduces to the more severe Rayleigh-lognormal one. Moreover, in
the limit for Kss → ∞ (resp. σ2LS → 0), the small- (resp. large-) scale fad-
ing effects diminish, such that the envelope of the received signal is purely
lognormally (resp. Ricean) distributed.
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Figure 4.1: CDF of the composite Rice-lognormal distribution under various
fading conditions.

Based on the moments of the Ricean and lognormal distributions, thetth

order moment of this composite model can be derived as

E
{
|h(kt ; p)|t

}
= E

{
|SLS(kt ; p)|t

}
E
{
|sss(kt ; p)|t

}
. (4.8)

Assuming that the small-scale fading has unit average power, the second-
order moment of the composite model can be rewritten as the product of the
second-order moments of the (lognormal) large- and (Ricean) small-scale fad-
ing (given that they are independent one from another), i.e.

E
{
|h(kt ; p)|2

}
= E

{
|SLS(kt ; p)|2

}
= e2σ

2
LS. (4.9)

Hence, the varianceσ2LS of the large-scale fading can then be estimated from
the second order moment of the received signal envelope such that

σ2LS =
1

2
logE

{
|h(kt ; p)|2

}
. (4.10)

On the other hand, the first-order moment of the composite model can be sim-
ilarly rewritten as the product of the first-order moments of the (lognormal)
large- and (Ricean) small-scale fading (given that they are independent one
from another), i.e.

E{|h(kt ; p)|} = E{|SLS(kt ; p)|} E{|sss(kt ; p)|}

= e
1
2
σ2

LS
1

2

√
π

Kss+ 1
L1/2 (−Kss) , (4.11)
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Figure 4.2: Fading statistics extracted after separation of the large- and small-
scale fading, for one route in the highway environment taken from the Aalto
2007 measurement campaign.

where L1/2 (x) denotes a Laguerre polynomial. As a consequence, the Ricean
K-factor can be coarsely estimated by grid searching as the value that mini-
mizes the following objective function

∣∣∣∣E{|h(kt ; p)|} − e
1
2
σ2

LS
1

2

√
π

Kss+ 1
L1/2 (−Kss)

∣∣∣∣ , (4.12)

The so-found parameter estimates are then used as starting points for a numer-
ical curve fitting between the CDFs of the received signal envelope and the
composite distribution.

Empirical results

Fig. 4.2 shows that the large- and small-scale fading statistics, estimated under
the WSS assumption, can vary significantly from one Tx-Rx antenna pair to
another, depending on their relative orientation.

Tx and Rx antenna pairs facing one another, i.e. between elements located
at the backside (resp. frontside) of the Tx (resp. Rx) antenna array(see Table
2.2 for the link to element mapping and Fig. 2.2(b) for the position of the
elements in the antenna array, respectively) are indeed the ones that arethe
most likely to experience strong coherent contributions dominating over the
radio wave propagation (typically the LoS component). They are therefore
associated with the smallest variancesσ2LS and the largest Ricean K-factors
Kss for the large- and small-scale fading, respectively.

More surprisingly, the same behavior can also be observed for Tx-Rx an-
tenna pairs that are completely hidden one from another, i.e. between elements
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Table 4.1: Large- and small-scale fading statistics estimated using the sepa-
ration and composite modeling approaches, respectively, for all the scenarios
investigated during the Aalto 2007 measurement campaign.

Separate modeling Composite modeling

σ2
LS [dB] Kss [dB] σ2

LS [dB] Kss [dB]

5 % prctile 1.53 0.23 1.52 -0.15
Campus Median 2.06 1.93 2.11 1.74

(4 routes) 95 % prctile 3.64 3.57 4.00 4.28
Std. 0.70 1.07 0.80 1.28

5 % prctile 1.49 -0.87 1.45 -0.71
Urban Median 2.52 1.25 2.41 1.30

(3 routes) 95 % prctile 3.80 3.71 3.86 3.56
Std. 0.79 1.44 0.79 1.43

5 % prctile 1.80 -0.83 1.93 -0.83
Sub-urban Median 2.51 0.99 2.41 0.75
(6 routes) 95 % prctile 4.53 4.78 4.82 4.88

Std. 0.84 1.63 0.92 1.77

5 % prctile 1.56 -0.52 1.45 -0.71
Highway Median 2.38 1.68 2.41 1.44
(4 routes) 95 % prctile 3.99 4.10 4.34 4.60

Std. 0.76 1.51 0.90 1.65

located at the frontside (resp. backside) of the Tx (resp. Rx) antennaarray
(owing to their semi-spherical geometries). Indeed, these Tx and Rx antenna
pairs can experience some coherent contributions as well (even thoughthe LoS
component is in that case obstructed), which are typically stemming from other
vehicles traveling either in front of or behind the Tx vehicle and Rx ones. As
a consequence, slightly larger variancesσ2LS and smaller Ricean K-factorsKss

can possibly be obtained for the large- and small-scale fading, respectively.
Finally, Tx and Rx antenna pairs looking towards the roadsides are the

ones for which the scattering environment is changing the most rapidly (ow-
ing to all the scatterers that can be located on the roadsides), such that they
hardly have the possibility of experiencing strong coherent contributionsin the
radio wave propagation. In that case, large fluctuations can be observed in the
envelope of their narrowband radio propagation channels, hence yielding the
largest variancesσ2LS and the smallest Ricean K-factorsKss for the large- and
small-scale fading, respectively.

Based on these observations, we can already state that the fading behavior
is strongly dependent on the geometry of the antenna arrays that are used at the
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Tx and Rx sides, depending on how they are radiating (i.e. on their possibility,
or not, of experiencing strong coherent contributions dominating over theradio
wave propagation). Moreover, Table 4.1 shows that similar values (and thus
similar trends) can be obtained for the varianceσ2LS and the Ricean K-factor
Ksswhen using the composite and separate modeling approaches, so that these
two approaches can be considered as providing consistent results.

4.1.2 Non-WSS fading statistics

Let us now consider the (more realistic) case where the statistics of the large-
and small-scale fading fluctuate over time. As seen in Section 3.3.2, the WSS
assumption remains in that case valid only over short time intervals, over which
these statistics can be reliably estimated.

Extraction of the fading statistics

The large-scale fading is estimated by low-pass filtering over each stationarity
time interval the received power with a40 wavelength sliding window, i.e.

SLS(kt,m ; p) =
1

M

m+M/2−1∑

m′=m−M/2

|h(kt ; p)|2 , (4.13)

wherem = kt,min(kt)+M/2, ..., kt,max(kt)−M/2+1 is the relative time index
within thekth

t stationarity time interval, as previously defined in Eq. (3.5). In
the following, the large-scale fading over thekth

t stationarity time interval is
denoted as a data set such that

SLS(kt ; p) = {SLS(kt,m ; p) ,

m = kt,min(kt) +M/2, ..., kt,max(kt)−M/2 + 1} . (4.14)

For each Tx-Rx antenna pair, the large-scale fading can be modeled over each
stationarity time interval as a lognormally distributed random process, which
is therefore characterized by a time-and space-dependent varianceσ2LS(kt ; p).
The small-scale fading is then obtained by removing over each stationarity
time interval the large-scale fading from the measured narrowband radio prop-
agation channel, such that

sss(kt ; m ; p) =
h(m ; p)√

SLS(kt ; m ; p)
. (4.15)

For each Tx-Rx antenna pair, the envelope of the small-scale fading can be
modeled over each stationarity time interval as a Ricean random process, hence
characterized by a time-and space-dependent Ricean K-factorKss(kt ; p).
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Fading analysis over stationary time intervals

As already mentioned in Section 4.1.1, all the Tx-Rx antenna pairs experience
different conditions regarding the radio wave propagation (dependingon where
they are located in their respective arrays). For a same given time instant,
all the Tx-Rx antenna pairs are thus undergoing different conditions for the
large- and small-scale fading, such that each can be associated with a different
varianceσ2LS and a different Ricean K-factorKss, respectively.

Fig. 4.3 shows also that all the Tx-Rx antenna pairs exhibit the same
tendency for the time-varying behavior of their large- and small-scale fading
statistics. Strong fluctuations can indeed be observed in the narrowband re-
ceived signal envelope level from approximately timest = 10 to t = 35 s, so
that each Tx-Rx antenna pair is significantly impacted by the large-scale fad-
ing. As a result, both large variancesσ2LS and small Ricean K-factorsKss are
to be reported within this time interval. On the other hand, when the received
signal envelope becomes more coherent (i.e. when it experiences less fluctu-
ations), as it can be observed between timest = 0 andt = 10 s, each Tx-Rx
antenna pair is then associated with smaller variancesσ2LS and larger Ricean
K-factorsKss, respectively.

Regions over which the large- and small-scale fading statistics remain ap-
proximately constant (for all the Tx-Rx antenna pairs) can therefore clearly
identified and are approximately delimited (based on a visual inspection) in
Fig. 4.3 by black dashed-lines. This is typically the case between timest = 45
andt = 95 s, when the LoS component is obstructed and the narrowband total
received power level drops by roughly10 dB. These regions match very well
to the stationarity time intervals, over which the large- and small-scale fading
statistics were estimated. In other words, this corroborates the fact that thesta-
tionarity time intervals identified in Section 3.3.2 are strongly dependent on the
variations of the underlying narrowband radio propagation channel statistics.

Moreover, transitions between two consecutive stationarity regions are of-
ten characterized by harsh variations in the time-varying behavior of both the
large- and small-scale fading statistics. This can for example be noticeably ob-
served at timet = 10 s, when the Ricean K-factor suddenly drops by approx-
imately8 dB (conversely, the variance of the large-scale fading then suddenly
increases by roughly2 dB). In that case, the small-scale fading switches in-
deed abruptly from strong Ricean conditions to Rayleigh (or even “worsethan
Rayleigh”) ones owing to changes in the surrounding scattering environment
(as it can be also observed from the corresponding envelope of the narrowband
radio propagation channel).
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(b) Variance of the large-scale fading.
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(c) Stationarity time intervals.
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(d) Ricean K-factor.

Figure 4.3: Time-varying evolution of the large- and small-scale statistics for
various examplary Tx-Rx antenna pairs, for one route in the highway environ-
ment taken from the Aalto 2007 measurement campaign.

Comparison between WSS and non-WSS modeling

Fig. 4.4 shows that the fading statistics estimated under the WSS assumption
represent very well the average behavior of the fading over time, whatever the
Tx-Rx antenna pair that is considered.

Hence, using radio propagation channel models based on the WSS as-
sumption with parameters constant over time, as it is the case in the IEEE
802.11p standard [3], implies that only the average behavior of (real-world)
non-stationary radio propagation channels can be investigated. In otherwords,
only the average performances of a radio communication system can in that
case be investigated. However, they can definitely not be used in order toac-
curately predict its instantaneous performances when the fading statistics of
the radio propagation channel vary (sometimes severely) over time.
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(a) Variance of the large-scale fading.
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(b) Ricean K-factor.

Figure 4.4: Comparison between the WSS and the time-varying estimates of
the large- and small-scale fading, respectively.

Impact of the size of the stationarity time intervals

Fig. 4.5 depicts the effects of the size of the stationarity time intervals on the
estimation of the fading statistics. The goodness-of-fit is determined for each
Tx-Rx antenna pair and over each stationarity interval by means of the Mean
Square Error (MSE) estimator, which is defined as

MSE(kt ; p) = E
{∣∣F (x)− F ′ (x)

∣∣2
}
, (4.16)

whereF (x) is the empirical CDF of the large- (resp. small-) scale fading over
thekth

t stationarity time interval, whileF ′(x) denotes the corresponding fitted
lognormal (resp. Ricean) CDF, respectively.

When short stationarity time durations are considered, the number of sam-
ples appears to be no longer sufficient so as to obtain reliable estimates of the
fading statistics. As a consequence, the corresponding MSE values increase
accordingly. Conversely, larger stationarity time durations are found to beas-
sociated with smaller MSE values (i.e. to more accurate fading statistics), as
the number of samples progressively increases. Such an adaptive observation
window assures that the fading statistics are always estimated, at each time in-
stant, based on the maximum possible number of samples over which the WSS
assumption remains (locally) fulfilled.

Moreover, note that the MSE converges towards some lower bound as the
stationarity time duration increases. Indeed, the goodness-of-fit does not im-
prove anymore for stationarity time durations larger than approximately45 s
(i.e. approximately6.6 m at v̄ = 7.5 km/h). In other words, the stationarity
intervals are in that case large enough so that the underlying fading statistics
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(b) For the small-scale fading.

Figure 4.5: Impact of the stationarity time duration on the median goodness-
of-fit of the fading statistics in all the environments investigated during the
Aalto 2007 measurement campaign).

can be reliably estimated.

4.1.3 Time- and space-varying fading statistics

The distribution of the fading statistics can now be characterized in order to
account for their time (i.e. for each Tx-Rx antenna pair, their non-stationary
behavior over time is investigated) and spatial (i.e. for each snapshot, their
non-stationary behavior over all Tx-Rx antenna pairs is investigated) variabil-
ity, respectively.

Modeling the time-varying behavior of the fading statistics

For each Tx-Rx antenna pair, the non-stationary behavior of the fadingstatis-
tics is modeled using a bi-modal Gaussian distribution, with PDF given by Eq.
(3.8). Fig. 4.6 shows representative distributions of the time-varying large-
and small-scale fading statistics corresponding to these two states as well as
the respective fitted bi-modal Gaussian distributions.

One first mode describes situations where there is a strong coherent contri-
bution that dominates over the radio wave propagation (typically when there is
a LoS component between the Tx and Rx vehicles), what corresponds tosmall
variances and large Ricean K-factors for the large- and small-scale fading, re-
spectively. Conversely, the other mode describes situations where thereare no
strong contribution that dominates over the radio wave propagation (typically
when the LoS component is obstructed), what corresponds thereforeto larger
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(b) For the small-scale fading.

Figure 4.6: Fitted bi-modal Gaussian distribution of the time-varying large-
and small-scale fading statistics for two different Tx-Rx antenna pairs, respec-
tively.

variances and smaller Ricean K-factors, respectively. The weights of the dis-
tribution indicate how often each of these two modes are likely to occur over
time.

Modeling the space-varying behavior of the fading statistics

Since the Tx and Rx antenna arrays are semi-spherical with elements pointing
in different directions, the statistical properties of the large- and small-scale
fading can vary significantly from one Tx-Rx antenna pair to another. Fig.
4.7 shows the means of the bi-modal Gaussian distribution of the time-varying
varianceσ2LS(kt ; p) of the large-scale fading estimated for all the Tx-Rx an-
tenna pairs. Three different subsets can be clearly characterized, i.e.

• Tx and Rx antenna elements facing one another,

• Tx and Rx antenna elements looking towards the roadsides,

• Tx and Rx antenna elements completely hidden one from another, owing
to the semi-spherical geometry of the antenna arrays,

that were already identified in Section 4.1.1. For each of these antenna subsets,
each parameter of the bi-modal modal Gaussian distribution can be modeled by
means of a Gaussian distribution. As a consequence, the spatial distributionof
the bi-modal Gaussian distribution parameters (i.e. taken over all possible Tx-
Rx antenna pairs) is given by a three-modal Gaussian distribution (each ofits
mode characterizing a different subset of antenna elements and indicatinghow
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Figure 4.7: Examples of parameters of the bi-modal Gaussian distributions for
the variance of the large-scale fading estimated over each Tx-Rx antennapair,
in the highway environment (Aalto 2007 measurement campaign).

much the corresponding Tx-Rx antenna pairs experience either LoS or NLoS
conditions). Note that similar observations can be done for the spatial distri-
bution of the bi-modal Gaussian distribution parameters of the time-varying
Ricean K-factorKSS(kt ; p).

4.1.4 Parameterizing the non-stationary fading model

Tables A.1− A.10 (see Appendix A) give the complete parameterizations of
the spatial distributions of the varianceσ2LS(kt ; p) and the Ricean K-factor
KSS(kt ; p), in all the environments investigated during the Aalto 2007 mea-
surement campaign. Owing to the semi-spherical geometry of the arrays, the
Tx-Rx antenna pairs facing one another almost always experience a very strong
coherent contribution (since they are in LoS situations, with effectively a LoS
component between the Tx and Rx sides), with Ricean K-factors up to10 dB
and variances of the large-scale fading around1 dB. Though, note that these
antenna pairs can also undergo no strong coherent contribution in the radio
wave propagation (typically NLoS situations, or when other vehicles or ob-
jects are between the Tx and Rx vehicles, when one the Tx and Rx vehicles
corners, etc.), hence resulting in lower K-factors around0 dB.

On the other hand, Tx-Rx antenna pairs completely hidden one from an-
other are found to always undergo deep NLoS situations (owing to the semi-
spherical geometry of the Tx and Rx antenna arrays), with Ricean K-factors
not much larger than0 dB (and possibly as low as−25 dB) and variances of
the large-scale fading ranging between2 and5 dB.
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For each Tx-Rx antenna pair, the time-varying large- and
small-scale fading statistics are estimated over narrow-

band stationarity time intervals using Eqs. (4.13)− (4.15)

σ2LS(kt ; p) KSS(kt ; p)

where kt = {1, · · · ,
⌊
N −M/2

∆t

⌋
} and p = {1, · · · , Nr ×Nt},

For each Tx-Rx antenna pair, the time-varying behavior of
the large- and small-scale fading statistics is modeled by
means of a bi-modal Gaussian distribution (one mode de-

scribes LoS conditions, while the other one describes NLoS)

σ2LS(kt ; p) ∼
2∑

i=1

ω
(i)

σ2
LS
(p)N

(
µ
(i)

σ2
LS
(p) ; σ

(i)

σ2
LS
(p)
)

KSS(kt ; p) ∼
2∑

i=1

ω
(i)
KSS

(p)N
(
µ
(i)
KSS

(p) ; σ
(i)
KSS

(p)
)

Temporal characterization

Each parameter of the bi-modal Gaussian distribution is modeled
over all Tx-Rx antenna pairs with a three-modal Gaussian distri-
bution (each mode corresponds to a different configuration of Tx-
Rx antenna pair, i.e. with antennas(i): facing one another,(ii) :
looking in different directions or(iii) : hidden one from another)

x
(i)
∗ (p) ∼

3∑

j=1

ω(j)
x N

(
µ(j)x ; σ(j)x

)
where x ∈ {ω, µ, σ}

∗ ∈ {σ2LS,KSS}

Spatial characterization

Figure 4.8: Procedure for the stochastic characterization of the time- and
space-dependent non-stationary statistics of the narrowband large- and small-
scale fading.
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All the other Tx-Rx antenna pairs looking in different directions experi-
ence numerous multipath components that could stem from scatterers appear-
ing or disappearing rapidly over short time scales on the two roadsides. Asa
consequence, they exhibit low Ricean K-factors (typically ranging from−5 to
2 dB) and variances of the large-scale fading between2 and4 dB.

The procedure for the non-stationary time- and space dependent stochastic
modeling of the large- and small-scale fading is summarized in Fig. 4.8.

4.2 Wideband channel modeling

Such a non-stationary modeling approach can now be extended to wideband
data, for the data collected during the Aalto 2009 measurement campaign (de-
scribed in Section 2.3).

4.2.1 Time-, frequency- and space-varying Ricean K-factor

As observed in Chapter 3, the US assumption can reasonably be assumed to
hold over the whole measurement bandwidth, such that each delay tap can be
considered as fading independently from the others. Hence, the non-stationary
characterization of wideband radio propagation channels can be conducted us-
ing the same framework as the one already presented in Section 4.1.2 and
summarized in Fig. 4.8, on a per frequency bin basis.

Characterizing the time-varying behavior of the Ricean K-factor

Fig. 4.9 shows the time evolution of the Ricean K-factor for the three ex-
amplary measurement scenarios that were previously investigated in Sections
3.3.1 and 3.3.2.

As pointed out in Section 4.1.2 for the fading statistics of narrowband radio
propagation channels, time intervals over which the Ricean K-factor remains
approximately constant can be clearly identified. This is typically the case in
Figs. 4.9(c) and 4.9(d), whether it be for large Ricean K-factors between times
t = 8 andt = 28 s (but also between timest = 85 andt = 95 s) or for lower
Ricean K-factors between timest = 25 andt = 65 s. Remarkably, these so-
identified temporal regions match very well the stationarity time intervals that
were estimated for these measurement routes, provided in Fig. 3.11.

Large Ricean K-factors are typically around8 - 10 dB (and can go up to14
dB) and are generally obtained when there is a strong LoS component between
the Tx and Rx sides. Though, this is not a sufficient condition, as shown inFig.
4.9(c) between timest = 74 andt = 82 s. Indeed, the Ricean K-factor is found
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traveling directions.
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sional obstruction of the LoS component.
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Figure 4.9: Frequency-, space- and time-varying Ricean K-factor, for three
different scenarios investigated during the Aalto 2009 measurement campaign.
M = N = 20, ∆t = ∆f = 10, respectively.
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to drop in this case by approximately5 dB, even if there is still a strong LoS
component between the Tx and Rx sides. This is due to the fact that the Tx
and Rx vehicles are at that time surrounded by a richer scattering environment,
so that more multipath components are arriving at the Rx side. In that case,
the diffuse component of the received signal becomes more significant inthe
received signal, hence yielding lower Ricean K-factors.

On the other hand, the lowest Ricean K-factors are obtained when the LoS
component is obstructed and no strong coherent contribution dominates over
the radio wave propagation, as shown for example in Fig. 4.9(e) when the Tx
and Rx vehicles are traveling in separate directions from timet = 18 s until
the end of the measurement run. Typical Ricean K-factors are then around0 -
5 dB, depending on the severity of the obstruction.

Characterizing the frequency-varying behavior of the Ricean K-factor

The Ricean K-factor can also undergo significant variations over the measure-
ment bandwidth. For example, Fig. 4.9(e) shows that the Ricean K-factor can
typically fluctuate by approximately10 dB between frequencies taken at the
center and at the edges of the measurement bandwidth (the Ricean K-factor at
the center of the measurement bandwidth being always larger than at its edges).
This behavior is particularly emphasized when there is a LoS component be-
tween the Tx and Rx sides, as it the case between timest = 0 andt = 18s.
However, this is much less evident when the LoS component is obstructed,
since the Ricean K-factor varies then by only1 or 2 dB (in maximum) be-
tween the center of the measurement bandwidth and its edges. Moreover, even
though each frequency bin exhibits Ricean K-factors that can be significantly
different at one given time instant, they all show the same trend over time (i.e.
the Ricean K-factor increases or decreases similarly over time for all frequen-
cies in the measurement bandwidth) as this was already observed from the
narrowband non-stationary analysis in Section 4.1.2.

Even though the Ricean K-factor can vary significantly over a60 MHz
frequency bandwidth, they are found to remain approximately constant over
narrower10 MHz (IEEE 802.11p-like) bandwidth frequency sub-bands. Such
a non-stationary behavior is due to the Tx and Rx antenna radiation patterns,
which do not necessarily remain constant over frequency, the limited band-
width of the measurement system as well as the non-flatness of the frequency
response of the PN sequence.
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Characterizing the space-varying behavior of the Ricean K-factor

Fig. 4.9(f) shows that the Ricean K-factor is strongly dependent on the relative
orientation between the Tx and Rx antenna arrays. Indeed, when the Tx and
Rx vehicles are traveling in the same direction (the Tx one being ahead of the
Rx one) between timest = 0 andt = 18 s, then the Ricean K-factor is found
to be larger for Tx-Rx antenna pairs facing one another (i.e. for Rx antennas
located at the frontside of the array) than for ones hidden one from another (i.e.
for Rx antennas located at the backside of the array).

This is reasonable, since the Rx antenna elements located at the frontside
of the array are radiating towards the direction of motion (i.e. towards the
Tx vehicle), such that they experience the strong LoS component. However,
this is not the case for Rx antenna elements located either at the backside of
the array or looking towards the roadsides, which undergo either deep NLoS
situations (owing to the geometries of the antennas arrays) or a richer scattering
environment in their radiating directions, consisting of other vehicles (either
traveling or parked on the roadsides), buildings, metallic roadsigns, etc.

Furthermore, Fig. 4.9(b) shows the examplary case when the Tx and Rx
vehicles are traveling in opposite direction. When the vehicles are approach-
ing, the largest Ricean K-factors are obviously obtained for Rx antennaele-
ments located at the frontside of the array (i.e. looking towards the direction of
motion). After they passed one another, the largest Ricean K-factors are then
obtained for Rx antenna elements located at the backside of the array.

4.2.2 Modeling the non-stationary Ricean K-factor

For each Tx-Rx antenna pair, the time-varying Ricean K-factor can be modeled
using a bi-modal Gaussian distribution, characterizing either

• Small Ricean K-factors, which can be obtained(i): when the LoS com-
ponent between the Tx and Rx sides is obstructed and(ii): in rich scat-
tering environments when the power contribution of the multipath com-
ponents is as significant as the LoS component,

• Large Ricean K-factors, which can be obtained in situations(i): when
there is a strong LoS component between the Tx and Rx sides and(ii):
when there are only very few scatterers in the environment surrounding
the Tx and Rx vehicles.

Fig. 4.10(a) shows representative distributions of the time-varying RiceanK-
factor corresponding to these two states as well as the respective fitted bi-modal
Gaussian distributions. Moreover, Fig. 4.10(b) shows that the Ricean K-factor
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Figure 4.10: CDFs of the time-dependent Ricean K-factor and the correspond-
ing fitted bi-modal Gaussian distribution.

estimated for each frequency bin can be described by the same distribution
as the one estimated over all frequency bins. In other words, they can allbe
considered as different realizations of the same random process. TheRicean
K-factor estimated for all frequencies can therefore be used for the joint esti-
mation of the parameters of the bi-modal Gaussian distribution. Besides, since
a ULA is used at the Tx side, its four (omnidirectional) elements experience
the same scattering environment. As a consequence, one single Tx element
will be considered in the following for the space- and time-varying modeling
of the Ricean K-factor.

4.2.3 Parameterizing the non-stationary Ricean K-factor

Tables B.1− B.3 (see Appendix B) provide the complete parameterization
of the bi-modal Gaussian distribution for the three different sub-sets of Rx
antenna elements, i.e. located(i): at the frontside,(ii): on the sides and(iii): at
the backside of the antenna arrays, for all the environments investigated during
the Aalto 2009 measurement campaign. The mode weights of the bi-modal
Gaussian distribution indicate that all the Rx antenna elements, whatever their
orientation with respect to the Tx side, have to cope with both LoS and NLoS
situations, always in non-negligible proportions.

The smallest Ricean K-factors are obtained when the LoS component is
clearly obstructed (as it is the case when the Tx and Rx vehicles are traveling
in opposite directions). Otherwise, all the other investigated environments and
scenarios show equivalent amount of large and small values for the Ricean K-
factor, whatever the orientation of the Tx-Rx antenna pairs. This is due to the
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fact that the LoS component was possibly intermittently obstructed for some
measurement routes (depending on the traffic conditions during the measure-
ment runs, since other vehicles can for example come between the Tx and
Rx vehicles, etc.). Moreover, the richness of the scattering environmentcould
also have varied significantly, even within the same measurement run, owing
to the traffic conditions, the nature of the scattering environment surrounding
the Tx and Rx vehicles (e.g. the presence of urban furnitures, of buildings, of
parkings, etc.). Hence, there are no clear distinction between the two statesof
the bi-modal Gaussian distributions (i.e. for the presence, or not, of a strong
coherent contribution dominating over the radio wave propagation), as it can
also be observed from the large standard-deviations of the bi-modal Gaussian
distribution.

4.2.4 Time- and space-varying RMS delay spread

The RMS delay spread is an important measure of the fading severity and is
crucial in the design of wireless communication systems. Indeed, if the RMS
delay spread is larger than the length of the guard interval in OFDM, then
the subcarriers are no longer orthogonal and consecutive symbols willoverlap,
hence causing intersymbol interference.

As for the large- and small-scale fading statistics, the RMS delay spread is
usually assumed to be constant over time (under the WSS assumption). This
is typically the case of the two ITU radio propagation channel models that are
used in the IEEE 802.11p communication systems, which consist in taps with
both fixed relative delay and average power values, as represented inSection
1.6. As a consequence, each of these two TDL models corresponds to a given
RMS delay spread, which is specified to be either low (i.e. around370 ns) or
medium (i.e. around4 µs). It is also supposed to remain constant during the
whole simulation time.

However, as seen in Section 3.3.2, vehicular radio propagation channels
are intrinsically non-stationary and the WSS assumption is fulfilled only within
short (bounded) stationarity regions. Huence, the RMS delay spread istime-
varying and its fluctuations have therefore to be characterized.

Data pre-processing

The RMS delay spread was estimated using Eq. (1.17) from PDPs averaged
over a40 wavelength sliding window, in order to filter out the small-scale fad-
ing. Moreover, a noise threshold was applied to remove spurious noise con-
tributions that could be mistaken for multipath components. For that purpose,
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this threshold was set6 dB above the noise level, which corresponds approx-
imately to a constant false alarm rate (i.e. the probability that a noise peak is
erroneously taken for a multipath component) of1% [98].

Empirical results

Fig. 4.11 shows how much the RMS delay spread varies simultaneously over
time and space, for the three examplary measurement scenarios previouslyin-
vestigated in Sections 3.3.1 and 3.3.2.

Looking to the results, the stronger the coherent contribution dominating
over the radio wave propagation, the lower the RMS delay spread. This is
typically the case in Fig. 4.11(d) between timest = 9 andt = 28 s, when there
is a strong LoS component between the Tx and Rx vehicles and when multipath
components arriving later at the Rx side do not contribute significantly to the
radio wave propagation (since they have only low powers).

Conversely, when the LoS component is much weaker (e.g. if it is ob-
structed by some obstacles between the Tx and Rx vehicles) or when the sur-
rounding scattering environment is much richer (i.e. the multipath components
have much significant powers), then the RMS delay spread increases signifi-
cantly. These two effects can for example be observed in Fig. 4.11(d) between
timest = 30 andt = 65 s and in Fig. 4.11(f) between timest = 0 andt = 10
s, respectively.

Moreover, the RMS delay spread is strongly dependent on the relation ori-
entation of the Tx and Rx antennas. As shown in Fig. 4.11(b), when the Tx
and Rx vehicles are approaching one from another, the RMS delay spread is
higher for Tx-Rx antenna pairs hidden one from another (i.e. for Rx anten-
nas located at the backside of the array) than for ones facing one another (i.e.
for Rx antennas located at the frontside of the array). Furthermore, after the
Tx and Rx vehicles pass one another, the highest RMS delay spreads are then
obtained for Rx antenna elements located at the frontside of the array.

4.2.5 Modeling the non-stationary RMS delay spread

For each Tx-Rx antenna pair, the time-varying RMS delay spread is modeled
(in log-scale) using a bi-modal Gaussian distribution. One first mode corre-
sponds to situations when a strong coherent contribution dominates over the
radio wave propagation (typically when there is a LoS component between the
two link ends and when multipath components have only negligible power),
while the other one encompasses situations either when the LoS component is
obstructed or when strong multipath components are experienced. These two
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Figure 4.11: Time-varying PDPs and the corresponding time- and space-
dependent RMS delay spread, for three different scenarios investigated during
the Aalto 2009 measurement campaign.M = 20, ∆t = 1, respectively.
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Figure 4.12: Distribution of the time-varying RMS delay spread and the cor-
responding fitted bi-modal Gaussian distributions.

modes characterize therefore small and large RMS delay spreads, respectively.
Fig. 4.12(a) shows representative distributions of the time-varying RMS de-
lay spread corresponding to these two modes as well as the respective fitted
bi-modal Gaussian distributions.

Since a ULA is used at the Tx side, its four (omnidirectional) elements
experience the same scattering environment, so that their RMS delay spread
vary all similarly over time, as shown in Fig. 4.12(b). Hence, they can be
considered as different realizations of the same random process and be used for
the joint estimation of the parameters of the bi-modal Gaussian distribution.

4.2.6 Parameterizing the non-stationary RMS delay spread

Tables C.1− C.3 (see Appendix C) provide the complete parameterization of
the bi-modal Gaussian distribution for the three different sub-sets of Rx an-
tenna elements, i.e. located(i): at the frontside,(ii): on the sides and(iii):
at the backside of the array, for all the environments investigated during the
Aalto 2009 measurement campaign. The mode weights of the bi-modal Gaus-
sian distribution show that all the Rx antennas, whatever their orientation with
respect to the Tx side, have to cope with both LoS and NLoS situations, always
in non-negligible proportions.

The lowest RMS delay spreads are obtained in road crossing scenariosor
when the Tx and Rx vehicles are traveling in opposite directions, since there
were only very few scatterers in the surrounding environment and almostno
traffic at all during these measurement runs. These lowest RMS delay spreads
are most of the time obtained for Rx elements located at the frontside of the
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antenna array (i.e. facing the Tx side and experiencing therefore the LoS com-
ponent). Though, such values can also be obtained for Rx elements located at
the backside of the array, typically when the Tx and Rx vehicles are traveling
in opposite directions and after passing one another, so that these antenna ele-
ments can then experience the LoS component. On the other hand, the highest
RMS delay spreads are obtained in richer scattering environments, typicallyin
the urban one or also when the Tx and Rx vehicles are traveling in separate
directions. The several other vehicles traveling together with the Tx and Rx
ones, buildings on the roadsides, metallic roadsigns, etc. tend indeed in that
case to increase the RMS delay spread.

4.3 Conclusions and general comments

In this Chapter, the time-, frequency- and space-dependent stochasticmodeling
of MIMO vehicular radio propagation channels was provided. The large- and
small-scale fading statistics were first extracted from narrowband vehicular
radio propagation channels over the time-varying stationarity time intervals
estimated in Chapter 3. Their variations over time and space were found to be
strongly related to changes occuring in the scattering environment surrounding
Tx and Rx vehicles (e.g. abrupt transitions between LoS and NLoS situations,
etc.), and can therefore not be neglected in the realistic modeling of vehicular
radio propagation channels. On the other hand, the WSS assumption is unable
to describe this dynamic behavior (nor the extreme values that can be taken by
the fading statistics) and was found to characterize only the average behavior of
radio propagation channels. This non-stationary stochastic modeling approach
was later extended to wideband vehicular radio propagation channels.

Multi-modal Gaussian distributions were used in order to model the vari-
ations of these statistics over time (each mode characterizing the presence, or
not, of a strong coherent contribution in the radio wave propagation, which is
usually the LoS component) and space (each mode describing a given configu-
ration of Tx-Rx antenna pair, given the semi-spherical geometry of the antenna
arrays used during the measurement campaigns), respectively.

The first- and second-order statistics of the radio propagation channel(i.e.
on one hand the Ricean K-factor, the variance of the large-scale fadingand on
the other the RMS delay spread) were found to be strongly dependent on(i):
the presence (or not) of a strong LoS component that dominates over the radio
wave propagation,(i): the richness of the scattering environment surrounding
the Tx and Rx vehicles, and(iii): the relative orientation of the Tx and Rx
antenna arrays (including the impact of their radiation patterns).



CHAPTER 5
Geometry-based stochastic

channel modeling

As seen in Chapters 3 and 4, vehicular radio propagation channels are intrin-
sically strongly non-stationary. The WSS and US assumptions were indeed
found to hold only locally, within (short) bounded stationarity regions in time
and frequency, respectively. Their underlying statistical properties can there-
fore vary significantly over time, frequency and space.

This non-stationary behavior has to be taken into account the development
of realistic (and therefore reliable) vehicular radio propagation channel mod-
els. However, this is not the case of the classical TDLs that are used in IEEE
802.11p communication systems, since they rely on the (too) optimistic WSS-
US assumption (each tap is indeed assumed to fade independently, with the
same statistics over infinite time scales). On the other hand, a GSCM ap-
proach appears to be much more suitable, since it was shown to inherently
take into account the non-stationary behavior of the radio propagation channel
[73, 99], by modeling separately each multipath component (as it has already
been described in Section 1.3.3).

The remainder of this Chapter is structured as follows: Section 5.1 first
analyzes the main characteristics of the IRs measured in vehicular environ-
ments. Then, Section 5.2 introduces the general outline of the GSCM, which
is based on the one presented in [73], including a detailed description of the
discrete and diffuse scattering. The complete parameterization of this model
is also provided, from the IRs collected during the Aalto 2007 measurement
campaign. Section 5.3 describes the step-by-step implementation recipe as
well as the validation of the proposed GSCM. Finally, Section 5.4 provides a
discussion and a conclusion.

5.1 Characteristics of vehicular channels

5.1.1 Delay-time characterization

As seen in Section 1.1.1, the time-varying IRs can be divided into three dif-
ferent parts, namely(i): the LoS component that can be occasionally be ob-
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Figure 5.1: Time-varying PDPs. The Tx and Rx vehicles are traveling in the
same direction in a highway environment.

structed,(ii): discrete scatterer contributions stemming from either static or
mobile scatterers and that can drift strongly in the delay domain and(iii): dif-
fuse scattering, which consists in numerous low-power contributions resulting
from multiple scattering or diffraction processes that can not be associated with
discrete scatterers. Fig. 5.1 shows an examplary of the time-varying PDPs in
a highway environment, taken from the Aalto 2007 measurement campaign.

5.1.2 Extraction of the discrete scatterer contributions

The LoS component and the discrete scatterer contributions were identified
from the time-varying PDPs averaged over all possible Tx-Rx antenna links,
so that all the most significant discrete scatterer contributions are taken into
account, with a Signal to Noise Ratio (SNR) high enough, and can therefore be
reliably detected. For that purpose, we used a search-and-subtractprocedure,
very similar to the CLEAN-based one originally proposed in [100] and later
refined in [73, 101], whose different steps can be summarized as follows:

• Select a number of multipath components (not necessarily consecutive)
that are likely to belong to the same discrete scatterer contribution. They
have to be sampled approximately every second and such that it includes
the component with the strongest power,

• Interpolate (in the time domain) the so-selected multipath components in
order to determine the underlying discrete scatterer contribution. Store
the time-varying delay and amplitude of this contribution into vectors,
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Figure 5.2: Time-varying discrete scatterer contributions at the output of the
extraction procedure applied to the PDPs shown in Fig. 5.1.

• Filter out this contribution from the measured PDPs, so that no “ghost”
contribution (with much weaker power, surrounding the “true” extracted
ones) can later be extracted,

• Iterate until no additional discrete scatterer contribution with an average
power at least6 dB above the noise level can be identified.

All the discrete scatterer contributions are assumed to have been capturedby
the extraction procedure, so that the remaining “cleaned” IRs consist in dif-
fuse scattering and noise only. Fig. 5.2 shows the different discrete scatterer
contributions extracted from the measured time-varying PDPs in Fig. 5.1.

5.2 Structure of the channel model

5.2.1 General representation

Based on the previous observations, the double-directional time-varyingIRs
can then be expressed according to Eq. (1.7), such that

h(τ ; t) = hLOS(τLOS ; t) +
P∑

p=1

hp(τp ; t) + hd(τ ; t), (5.1)

whereP is the number of multipath components stemming from discrete either
static or mobile scatterers. More specifically, thepth multipath component can
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be modeled such that

hp(τp ; t) = ap(dp)e
j2πνpt

× δ(τ − τp)δ(Ω− ΩTx,p)δ(Ω− ΩRx,p), (5.2)

wheredp = c · τp (with c the speed of light),νp, ΩTx,p andΩRx,p denote
its time-varying propagation distance, Doppler shift, AoD and AoA (only in
terms of azimuth, since the radio wave propagation is assumed to occur only
in the horizontal plane, i.e. elevation is not considered here), respectively. The
complex amplitudeap(dp) is modeled using a classical fading model, as given
by Eq. (1.2), since it may consist of several unresolvable paths (i.e. arriving
at the Rx side within the same delay bin, owing to the limited bandwidth of
the measurement system) and includes the effects of the Tx and Rx antenna
patterns. Finally, note that the LoS component can be modeled in a similar
manner, by replacing the sub-indexp by LoS in Eq. (5.2).

5.2.2 Modeling of the radio wave propagation

As already mentioned in Section 1.3.3, the GSCM approach is a trade-off be-
tween the simplicity of the stochastic models and the accuracy of the determin-
istic tools. In other words, it has on one hand to be relatively easy to parame-
terize (and thus tractable in an implementation point of view), and on the other
to still be able to reproduce the main (non-stationary) physical characteristics
of real-world vehicular radio propagation channels.

Very simplified ray-tracing methods are therefore considered regardingthe
modeling of the radio wave propagation mechanisms. In the following, we will
indeed assume that

• The Tx and Rx vehicles are traveling at constant speedsvTx andvRx,
respectively, along a straight route in the same (or opposite) direction
in a two-dimensional environment, such that the relative orientation of
the Tx and Rx antenna patterns (due to the movement of the Tx and Rx
vehicles) remains constant over time,

• The discrete mobile scatterers are moving at constant speedsvp parallel
to the Tx and Rx vehicles, without further traffic modeling,

• Only single-bounced reflections are considered, as they have been found
to be the most significant propagation mechanism in vehicular radio
propagation channels [34, 73].
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As a consequence, the time-variant propagation delayτp (or, equivalently, the
propagation distancedp) and Doppler shiftνp of the discrete scatterer contri-
butions can be determined by the simple geometry relationships




τp = τTx→p(t) + τp→Rx(t)

νp =
1

λ
[(vTx − vp) cosΩTx,p + (vRx − vp) cosΩRx,p] .

(5.3)

Similar relationships can also be derived for the LoS component, by replacing
the sub-indexp by LoS. The number of discrete static (resp. mobile) scatterers
in the simulated environment is given by the densityχp,s (resp.χp,m). Hence,
using the two-dimensional environment geometry in Fig. 5.3, which is similar
to the one in [73], we can generate

• Static discrete scatterers on roadsides (and on the highway median strip).
Theirx- andy-coordinates are drawn from continuous uniform and mul-
tivariate normal distributions respectively, i.e.xp,d ∼ U(xd,min, xd,max)

andyp,d ∼ L−1
∑L

l=1N (µd,l, ξd). L denotes here the number of strips
of discrete scatterer contributions:L = 2 in the campus, urban and sub-
urban environments (i.e. it corresponds to the two road sides), whereas
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Table 5.1: Parameterization of the radio wave propagation aspects.

Unit Campus Urban Sub-urban Highway

Road
parameters

Nlanes - 4 2 4 7
Wlane [m] 2.75

Scatterer
densities

χp,s [m−1] 0.12 0.13 0.12 0.10
χp,m [m−1] 0.03 0.05 0.03 0.08

Scatterer
“birth/death”

µb/d [m] 4.80 5.26
ξb/d [m] 0.78 0.99

µd,l=1 [m]
Static discrete

scatterers
µd,l=2 [m]

±(Nlanes/2 + 1)Wlane

µd,l=3 [m] - - - 0
ξd [m] 2

L = 3 in the highway environment (i.e. it corresponds to the two road
sides as well as the median strip),

• Mobile discrete scatterers on the road lanes. As for static discrete scat-
terers, their initialx-coordinates are drawn from a continuous uniform
distribution, whereas theiry-coordinates are drawn from a discrete uni-
form distribution (with a number of outcomes equal to the total number
of lanesNlanes, each of widthWlane). Furthermore, they are assigned a
(realistic) constant speed along thex-axis, drawn from a truncated Gaus-
sian distribution, such that too high (or negative, on a wrong road lane)
speeds are avoided.

The “birth/death” of the discrete scatterer contributions in the delay domain
can be modeled by means of their maximum excess propagation distance (taken
with respect to the LoS component) that was found to be best described bya
lognormal distribution with meanµb/d and standard-deviationξb/d, respec-
tively. All the parameters for the modeling of the radio wave propagation
aspects in each environment are summarized in Table 5.1.

5.2.3 Parameterizing the discrete scatterer contributions

As previously mentioned, the time-varying complex amplitude of thepth dis-
crete scatterer contribution can be modeled using the fading model given by
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Figure 5.4: Reference pathlossL0,p depending on the propagation distance for
the discrete scatterer contributions in the (H) and (CUS) environments.

Eq. (1.2), such that [73]

ap
△
= P 1/2

p︸︷︷︸
1)

gpe
jφp

︸ ︷︷ ︸
2)

. (5.4)

The LoS component is modeled similarly, the sub-indexp being only replaced
by LoS. The two processes in Eq. (5.4) are, respectively

1. The time-varying average power of the discrete scatterer contribu-
tion. It is obtained by low-pass filtering the amplitude|ap (dp)|2 with a
40λ sliding-average window [97], assuming that the Tx and Rx vehicles
are traveling with an average speedv̄ = 7.5 km/h.

The power of the low-pass filtered signal is normalized with respect to
the one of the LoS component and can be modeled (in the dB scale) as

10 log10
Pp
PLOS

= − [L0,p + 10np log10 (dp) + Sp] , (5.5)

whereLp = L0,p + 10np log10 (dp) andSp correspond to the (distance-
dependent) pathloss and the (stochastic) large-scale fading, respectively.
As a result, a pathloss exponentnp > 0 and the corresponding pathloss
reference powerL0,p > 0 were extracted for each discrete scatterer con-
tribution, as well as a number ofSp values.

Over all the extracted discrete scatterer contributions, the pathloss ex-
ponentnp is found to be uniformly distributed, i.e.np ∼ U(0, nmax).
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Moreover, Fig. 5.4 shows thatL0,p can be modeled such that

L0,p ∼ 10ηΛ0 log10
(
E [dp]

−np
)
+ Λ0, (5.6)

whereΛ0 is a Gaussian random variable with meanµΛ0 and standard-
deviationξΛ0 . For the LoS component, the exponentnLoS is arbitrarily
fixed to 1.8 as reported in [13], as the inter-vehicle distance remained
almost constant in all the routes (owing to the fact that the Tx and Rx
vehicles were always traveling at approximately the same speed during
the measurement runs).

On the other hand, over all the extracted LoS components and discrete
scatterer contributions, the large-scale fadingSp is modeled (in the dB
scale) by a Gaussian random process, with autocorrelation function [73]

rp(∆d) = σ2S,pe
− log 2(∆d/dc,p)2 , (5.7)

whereσS,p anddc,p denote the standard-deviation and the0.5-coherence
distance of the Gaussian process, respectively. Fig. 5.5 shows that
the coherence distancedc,p is lognormally distributed (with meanµc
and standard-deviationξc), whereas the standard-deviationσS,p is log-
correlated withdc,p, i.e.

log σS,p ∼ ηS log (dc,p) +KS , (5.8)

whereKS denotes a Gaussian random variable with meanµS = log σS,0
and standard-deviationξS ,
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Table 5.2: Number of “valid” discrete scatterer contributions (and routes)in all
the environments investigated during the Aalto 2007 measurement campaign.

Campus Urban Sub-urban Highway

10 (4) 1 (3) 16 (6) 67 (5)

2. The time-varying small-scale fadinggpejφp . It corresponds to the out
filtered signal when using the40λ sliding average window. Its envelope
gp is a white process over time that can be modeled using the flexible
Weibull distribution.

Its shape parameterβp is found to be Gaussian distributed (with mean
µβ and standard-deviationξβ). Moreover, since the average power of the
small-scale fading is normalized to one, its scale parameterαp is then
deterministically given byαp = 1/

√
Γ(1 + 2/βp)). On the other hand,

the phaseφp is uniformly distributed from0 to 2π.

Regarding the parameterization of the discrete scatterer contributions, it has to
be noted that only contributions spanning over sufficiently large distancesare
used for the extraction of reliable distance-dependent pathloss parameters (the
other ones being discarded). Using the same criterion as in [73], their relative
distances have indeed to be such that(dp,max−dp,min)/(dp,max+dp,min) ≥ 0.1.
Moreover, discrete scatterer contributions with pathloss parameters that do not
verify the conditions associated with Eq. (5.5) are discarded as they would
introduce unrealistic propagation effects (i.e. with either negative pathlossex-
ponents or reference powers).

The total number of “valid” discrete scatterer contributions extracted from
the measured IRs in each environment is summarized in Table 5.2. Owing
to their relative scarcity in some of the environments, only two aggregated
environments will be considered in the following, i.e. the highway (H) en-
vironment and the campus / urban / sub-urban (CUS) areas. All parameters
regarding the modeling of the discrete scatterer contributions the in (H) and
(CUS) environments are provided in Table 5.3.

5.2.4 Parameterizing the diffuse scattering

Unlike [73] where the diffuse scattering is modeled by considering “walls” dif-
fuse scatterers located on the roadsides, a purely stochastic approachis chosen
here, so that

hd(τ ; t)
△
= ψ

1/2
d (τ ; t)
︸ ︷︷ ︸

1)

gd(τ)e
jφd

︸ ︷︷ ︸
2)

, (5.9)
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Table 5.3: Parameterization of the discrete scatterer contributions in the (H)
and (CUS) environments, from the Aalto 2007 measurement campaign.

Unit (CUS) (H)

Pathloss Exponentnp nmax - 3.00 3.05

Reference pathlossL0,p ηΛ0
- 1.16 1.11

µΛ0
[dB] 71.83 79.20

ξΛ0
[dB] 7.37 5.76

ExponentnLoS - - 1.80
Reference pathlossL0,LoS - [dB] 0

Large-scale fading Coherence distancedc,p µc [m] 0.44 0.31
ξc [m] 0.74 0.58

Standard-deviationσS,p ηS - 0.56 0.38

σS,0 [dB] 2.32 2.32
ξS - 0.25 0.27

Small-scale fading Weibull shape parameterβp µβ - 2.05 1.97
ξβ - 0.20 0.20

v where the two processes are, respectively

1. The time-varying large-scale powerψd(τ ; t). It decays exponentially
(in the dB scale) in the delay domain, as shown in Fig. 5.6, i.e.

ψd,[dB](τ ; t) = ψd,0 +





0, τ < τd

(ψd,1 − ψd,0)/2, τ = τd

(ψd,1 − ψd,0)e
−Bd(τ−τd), τ > τd

, (5.10)

whereψd,1, ψd,0,Bd andτd are the maximum power, noise level, decay
factor and base delay of the diffuse large-scale power, respectively. This
model was first proposed in [102] for the description of the diffuse large-
scale power in natural values, while it was later modified in [103] to
account for the sampled bandwidth-limited effects of the measurement
system.

The parameters of the large-scale power are estimated with a non-linear
least-square estimator, as described in [103]. The maximum powerψd,1
of the diffuse scattering is found to be correlated with the LoS distance,
as reported in [101, 103] and as shown in Fig. 5.7, such that

ψd,1 ∼ ψ0,1 + 10ηΨ,1 log10 (dLOS) + Ψ1, (5.11)
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whereΨ1 is an exponentially correlated Gaussian random variable with
zero-mean, standard-deviationξΨ,1 and0.5-coherence distancedΨ,1, re-
spectively. The noise levelψd,0 of the diffuse scattering is modeled sim-
ilarly, by replacing the sub-index1 by 0 in Eq. (5.11). The two Gaussian
variablesΨ0 andΨ1 are also correlated, with coefficient〈Ψ0,Ψ1〉. The
decay factorBd is found to increase exponentially with the diffuse peak-
to-noise ratio, such that

logBd ∼ log
(
e(ψd,1−ψd,0)/ψB − 1

)
+KB, (5.12)

whereKB is a Gaussian random variable with meanµB = logB0 and
standard-deviationξB. Finally, the base-delayτd of the diffuse large-
scale power is found to be highly correlated with the delay of the LoS
component, such that

τd = τ0 + ηττLOS. (5.13)

Note that the base delay can start immediatly with the LoS component,
owing to diffuse scatterers located around the Tx or Rx vehicles within
one single delay bin (i.e.2.5 m in our measurement set-ups, when op-
erating at5.3 GHz), so that their contributions are arriving at the Rx
side with the LoS component. Moreover, when the LoS component is
obstructed, the strongest peak of the time-varying diffuse PDPs is even
likely to come slightly before the LoS component, such thatτ0 can be
negative.

2. The small-scale fadinggd(τ)ejφd . Its envelope can be modeled for each
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Figure 5.8: Weibull shape parameterβd of the diffuse small-scale fading de-
pending on the propagation delay in the (H) environment.

delay by the flexible Weibull distribution, with shape parameterβd(τ),
whereas its phaseφd is uniformly distributed between0 and2π.

Fig. 5.8 shows that the shape parameterβd can be described using
the same model as the one given by Eq. (5.10), with a parameter set
θβ = [β1 β0 Bβ τβ ]. Note thatτβ can also be defined with respect to
the delay of the LoS component, such thatτβ = τLOS + ∆τβ . A Gaus-
sian random variable with zero-mean and standard-deviationξβ was also
accounted. As it can be observed, the severity of the diffuse small-scale
fading can change from “worse than Rayleigh” (typically around the
LoS component) to Rayleigh (as the delay increases, i.e.βd → 2 when
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Table 5.4: Parameterization of the diffuse scattering in the (H) and (CUS)
environments, from the Aalto 2007 measurement campaign.

Unit (CUS) (H)

Large-scale power Maximum powerψd,1 ψ0,1 [dB] 7.93 0.41
ηΨ,1 - - 2.03 - 1.80

ξΨ,1 [dB] 11.07 11.29
dΨ,1 [m] 6.93 5.73

Noise levelψd,0 ψd,0 [dB] -37.51 -29.49
ηΨ,0 - - 1.80 - 2.07

ξΨ,0 [dB] 5.82 5.36
dΨ,0 [m] 12.34 11.38

〈Ψ0,Ψ1〉 - 0.56 0.43

Decay factorBd ψB [dB] 25.02 26.10

B0 [MHz] 14.94 15.12
ξB - 0.32 0.41

Base delayτd τ0 [ns] - 28.64 - 26.64
ητ - 1.00 1.00

Small-scale fading Shape parameterβd β1 - 1.10 1.04
β0 - 2.01 1.94
Bβ [MHz] 1.34 1.30
∆τβ [ns] - 15.41 24.00

ξβ - 0.26 0.26

Scale parameterαd µα - 1.31 1.29
ξα - 0.26 0.24

τ → ∞). On the other hand, the scale parameterαd is found to be
Gaussian distributed, with meanµα and standard-deviationξα.

Regarding the parameterization of the diffuse scattering, it has to be observed
that it was done from the residual IRs (i.e. what remains after filtering outthe
detected LoS component and all the discrete scatterer contributions from the
measured IRs), according to Eq. (5.1).

Parameter setsθd = [ψd,1 ψd,0 Bd τd]with a maximum powerψd,1 larger
than the discrete peak power were discarded, since the detection of the discrete
scatterer contributions would then not be possible. All the parameters for the
modeling of the diffuse scattering model in (H) and (CUS) environments are
provided in Table 5.4.
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5.3 Validation of the GSCM

We provide in this Section the procedure to simulate this radio propagation
channel model as well as its validition, by comparing its performances with
the ones obtained from the measured data.

5.3.1 Implementation recipe

In order to generate realizations of this vehicular GSCM, the following steps
have to be followed:

1. Determine the temporal (resp. delay) resolutiontrep (resp.∆τ ) as well
as the total time duration and delay range of the simulation (i.e. the
numberN andK of snpashots and delay bins, respectively),

2. Specify the initialx- andy-coordinates of the Tx and Rx vehicles as well
as their velocitiesvTx andvRx. Generate discrete static (resp. mobile)
scatterers, with densityχp,s (resp.χp,m) and assign them (initial)x- and
y-coordinates (as well as velocities for the mobile ones),

3. Estimate at each time instant the relative positions of the discrete scatter-
ers with respect to the Tx and Rx vehicles in the simulated environment
(assuming uniform linear motion along thex-axis only, for the Tx and
Rx vehicles as well as for the discrete mobile scatterers),

4. Estimate at each time instant the propagation distancedp, the AoDs
ΩTx,p and AoAsΩRx,p for the LoS component and each single-bounced
reflection on the discrete scatterers. Draw a value of the maximum ex-
cess propagation distance for each multipath component, in order to sim-
ulate their respective “birth/death” in the delay domain,

5. Draw pathloss, large- and small-scale fading statistics for the LoS com-
ponent and each discrete scatterer contribution, given their respective
propagation distancedp (or dLOS), according to Section 5.2.3 and with
parameterization given in Table 5.3. Generate the corresponding time-
varying complex amplitudes using Eq. (5.4),

6. Draw diffuse large-scale power (resp. diffuse small-scale fading)statis-
tics at each time instant (resp. each delay tap), according to Section 5.2.4
and with parameterization given in Table 5.4. Generate the correspond-
ing time-varying complex diffuse scattering using Eq. (5.9),
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7. Sum up at the Rx side the so-generated LoS component, discrete scat-
terer contributions (including the bandlimited filter effects of the mea-
surement system) and diffuse scattering, according to Eq. (5.1).

If MIMO radio propagation channels are to be simulated, then the character-
istics of the MIMO system under consideration have to be specified as well
(including the number of antenna elements at both link ends, their relative po-
sitions, their radiation patterns, their polarizations, etc.)

5.3.2 Comparison with measurements

The model validation can therefore be carried out by comparing metrics esti-
mated from measured (based on the 2007 Aalto measurement campaign) and
simulated (through Monte-Carlo iterations) channel realizations in the (CUS)
and (H) environments. For that purpose, three different metrics were consid-
ered either in the delay- or time-domain, namely

RMS delay spread

Fig. 5.9(a) shows the distributions of the measured and simulated RMS delay
spreads. The simulated average RMS delay spreads of58.90 and63.99 µs are
found to be in pretty good agreement with the measured ones of60.88 and
59.82 µs in both the (H) and (CUS) environments, respectively. Moreover,
the Root Mean Square Errors (RMSEs) between the measured and simulated
CDFs in these two environments are of2.36% and5.94%, respectively.

First-order statistics of the equivalent narrowband channel gain

Fig. 5.9(b) shows a good match between the measured and simulated CDFs
of the SISO narrowband radio propagation channel gain in the (H) and (CUS)
environments. Indeed, the measured and simulated distributions match pretty
well in terms of median, with a difference of0.59 and1.70 dB in the (H) and
(CUS) environments, respectively. Moreover, the RMSE between the mea-
sured and simulated CDFs in these two environments are of4.77% and3.23%,
respectively. Note that the gap between the measured and simulated CDFs in
the (H) environment is due to one specific measurement route where the dis-
tance between the Tx and Rx vehicles was much smaller than for the other
ones, hence resulting in a higher envelope level.
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Figure 5.9: Validation metrics of the vehicular GSCM, for measured and sim-
ulated channel realizations in the (H) and (CUS) environments.
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Level crossing rate

The Level Crossing Rate (LCR) characterizes the dynamics of the equiva-
lent narrowband radio propagation channel over time. It is estimated fromits
large-scale variations only, since the small-scale fading process of the discrete
scatterer contributions can be undersampled (they can indeed exhibit Doppler
shifts larger than the maximum resolvable oneνmax, which is limited to only
7.15 Hz for the measurement settings of the Aalto 2007 measurement cam-
paign). As a result, for a fair comparison, both the measured and simulated
narrowband channels were low-pass filtered with a40λ sliding-average win-
dow, in order to remove the small-scale fading. Fig. 5.9(c) shows that the
proposed GSCM is able to generate realizations of the radio propagation chan-
nel with LCR very similar to the one that can be estimated for measurement
routes in the (H) and (CUS) environments. Besides, note that this validation
can be done here only for specific simulated realizations of the GSCM and
measurement routes, since

• The size of the measurement data set is relatively small, so that it may
not necessarily be representative of all the temporal dynamics that could
be expected in real-world radio propagation channels,

• The outcome of the GSCM strongly depends on how the discrete scat-
terers evolve in the environment surrounding the Tx and Rx vehicles as
well as on their strength, for which over-simplifying modeling assump-
tions were considered.

It is therefore relatively difficult to obtain a good overall agreement between
measured and simulated LCRs.

Hence, it is reasonable to assess the validity of the proposed vehicular
SISO GSCM based on these three metrics, as they have not been directly used
for its parameterization. Moreover, the comparison between the measured and
simulated metrics shows that the model proposed in this paper is well suited
for the modeling of vehicular radio propagation channels, despite the simpli-
fying approximations that have been assumed (e.g. a simplified model for the
scattering environment, only single-bounced reflections, etc.).

5.4 Conclusions and general comments

In this Chapter, a vehicular GSCM was presented, based on an extensive mea-
surement campaign conducted in different environments. Such an modeling
approach appears to be particularly well-suited for the modeling non-stationary
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radio propagation channels, since each discrete scatterer is defined andchar-
acterized separately. Indeed, the radio wave propagation is modeled for each
discrete scatterer contribution based on the assumption of single-bouncedre-
flection processes, leading therefore to a simplified geometry with lower com-
plexity than ray-tracing methods. On the other hand, the scattering aspects are
described stochastically using a classical fading model. Besides, the diffuse
scattering is characterized in a purely stochastic manner and included in the
proposed GSCM approach.

Even though the framework of the proposed model relies on the one pro-
posed in [73] (especially regarding the modeling of the LoS component as well
as of the discrete multipath components), the main differences are that

• We model and parameterize the fading for the LoS component and the
discrete multipath components in a purely stochastic manner,

• We model and parameterize the diffuse scattering in a purely stochastic
manner, based on the approach proposed in [102].

The proposed vehicular GSCM was then completely parameterized, such that
it can be easily implemented and simulated. Interestingly, its values stand rel-
atively well those reported in [73], with very similar behaviors for the model
parameters, despite a (sometimes significantly) different parameterization pro-
cedure based on another measurement data set (in terms of investigated envi-
ronments and scenarios, antenna arrays used at the Tx and Rx sides, etc.). As
a consequence, the proposed GSCM approach corroborates the pertinency of
the one previously presented in [73].

Finally, validation showed that this model was able to well reproduce char-
acteristics of measured SISO radio propagation channels, whether it be inthe
delay or in the time domain. Deviations between the measurement-based and
the GSCM performances can mostly be explained by the different simplifying
hypotheses which are underlying the GSCM, especially regarding

• The spatial distribution of the discrete scatterer contributions in the en-
vironment surrounding the Tx and Rx vehicle, since they are (unrealis-
tically) assumed to be uniformly distributed either on the roadsides (for
the static ones) or on the roads (for the mobile ones), without taking into
account more physical distributions.

• The temporal behavior of the Tx and Rx vehicles as well as of the dis-
crete mobile scatterers over time, since they are assumed to always travel
along a straight line at the same constant speed,
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• The purely stochastic modeling of the diffuse scattering, which does
therefore have no real physical signification.

Although this GSCM was validated only for SISO systems (since the patterns
of the measurement antennas were not known exactly), it could be easily gen-
eralized to MIMO systems, by considering appropriate antenna patterns.





CHAPTER 6
Conclusion

Summary of my contributions

Up to now, classical cellular wireless networks have been designed based on
a stationarity assumption, which consists in saying that the statistics of the
underlying radio propagation channels do not change neither over time nor
frequency nor space. Most of the algorithms that are currently used atthe Tx
and Rx sides are designed under this assumption of stationarity, especially re-
garding the feedback of information from the Rx to the Tx side (so that this
latter can adapt its transmission scheme accordingly). The fed back informa-
tion should indeed correspond to the current state of the radio propagation
channel over which the signal will be transmitted [27, 92, 93, 94]. However,
such an approach is no longer valid in intrinsically rapidly time-varying (non-
stationary) environments, such as the ones in which vehicular wireless commu-
nication systems are supposed to operate. Hence, this opens the door to new
radio propagation channel models, that would describe this specific feature.
Already existing algorithms could then be improved by taking into account the
non-stationary description of radio propagation channel statistics.

With that perspective, we investigated in this thesis the non-stationary be-
havior of vehicular MIMO radio propagation channels, in order to establish
appropriate models. For that purpose, two measurement campaigns were con-
ducted in collaboration with Aalto University in 2007 and 2009, respectively.
Different environments and scenarios that are very specific to vehicular radio
communication systems (and more specifically to ITS safety-related applica-
tions) were extensively investigated.

After revisiting the popular WSS, US and H assumptions (which charac-
terize the stationarity over time, frequency and space, respectively), thespatial
structure of the MIMO radio propagation channel was shown to be subject
to significant changes due to the dynamic scattering environment surrounding
the Tx and Rx vehicles. Based on these observations, the validity of the WSS
and US assumptions was assessed by means of the CMD, which character-
izes the amount of change in the spatial structure of MIMO radio propagation
channels. Using appropriate threshold values, stationarity regions werethen
identified in both time and frequency (over which the WSS and US assump-
tions locally hold, respectively). Typical stationarity distances and frequency
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bandwidth were estimated to be approximately10 to 40 m long (depending
on the environment or scenario under investigation) and40 to 50 MHz wide
(i.e. almost the whole measurement bandwidth), respectively. Hence, it can be
concluded that US assumption is not violated within the10 MHz bandwidth
of IEEE 802.11p communication systems, whereas the WSS assumption holds
only over very short time intervals. In other words, the WSS assumption is
much more strongly violated than the US assumption in vehicular radio prop-
agation channels.

Besides, the stochastic characterization of non-stationary radio propaga-
tion channels was considered over time, frequency and space, respectively.
The large- and small-scale fading statistics were first extracted from narrow-
band vehicular radio propagation channels over time-varying stationarity time
intervals. Their variations over time and space were found to be strongly re-
lated to changes occuring in the scattering environment surrounding Tx and
Rx vehicles. These variations of the fading statistics should not be ignored.
The WSS assumption is therefore definitely unable to describe such a dynamic
behavior, since it was shown to describe only the average temporal behavior
of non-stationary radio propagation channels. This non-stationary stochastic
modeling approach was later extended to wideband (60 MHz) vehicular ra-
dio propagation channels, for which it was applied on a per frequency basis.
Moreover, multi-modal Gaussian distributions were used in order to represent
the distribution of

• The time-varying fading statistics. In this case, two different states were
considered, depending on the presence (or not) of a LoS component that
dominates the radio wave propagation as well as on the richness of the
scattering environment that is surrounding the Tx and Rx vehicles. Rich
scattering environments (or with NLoS conditions) were indeed found to
yield the smallest Ricean K-factors and the largest RMS delay spreads.
Conversely, environments with very few scatterers (or with a strong LoS
component) were found to be characterized by larger Ricean K-factors
and smaller RMS delay spreads, respectively,

• The space-varying fading statistics. In this case, three different states
were considered, each corresponding a given configuration of Tx-Rx
antenna pairs, depending on their relative orientation (i.e. if they radi-
ate or not in the same directions). Given the semi-spherical geometry of
the Tx and Rx antenna arrays that were used during our measurement
campaigns, the smallest Ricean K-factors and the largest RMS delay
spreads were obtained for antenna pairs completely hidden one from an-
other (since they do not experience the LoS component). On the other
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hand, Tx-Rx antenna pairs facing one another are those with the largest
Ricean K-factors and the smallest RMS delay spreads. Tx-Rx antenna
pairs looking towards the roadsides correspond to an intermediate case,
for which the Ricean K-factors and the RMS delay spreads mostly de-
pend on the relative orientation of the Tx and Rx vehicles as well as of
the illuminated scatterers on the roadsides.

Finally, a GSCM was proposed for the modeling of non-stationary vehicular
radio propagation channels. In that case, each scatterer is defined and charac-
terized: the radio wave propagation was indeed modeled using very simplified
ray-tracing methods, while the scattering aspects were described stochastically
using a classical fading model. A purely stochastic description of the diffuse
scattering was also included in the GSCM, which has a definitely much lower
complexity (for simulation purposes) than the “walls” of diffuse scatterers that
are used in [73]. Moreover, the proposed GSCM approach was completely pa-
rameterized, with values and trends very similar to the ones reported in [73],
and positively validated for SISO systems.

What about non-stationary performances?

Arriving at that point of the work, it is important to remember that building
models for radio propagation channels is not an achievement in itself, but sim-
ply the first step when building wireless communication systems.
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Figure 6.1: Bit error rate performances of IEEE 802.11p wireless communi-
cation systems obtained for different radio propagation channel models,in a
highway environment.

Fig. 6.1 shows a representative example of the benefit that can be expected
when taking into account the non-stationarities of the vehicular radio propaga-
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tion channel in the evaluation of the IEEE 802.11p physical layer performance.
As it can be observed, the GSCM that we proposed in this thesis outperforms
the TDLs that are used in the IEEE 802.11p communication systems, such as
the International Telecommunication Union (ITU) radio propagation channel
models (A) and (B) which rely on the very restrictive WSS-US assumption,
regarding the prediction of the achievable system performances (in that case in
terms of achievable BER).

It has however to be kept in mind that such non-stationary models are more
complex to handle than the ones that are already implemented in real-world
communication systems. The question is now to decide if the trade-off be-
tween the accuracy and the complexity of these models is significant enough
to push their implementations in the design of those real-world communication
systems, in place of the already existing ones.

Recommendations for radio communication systems

Taking into account the non-stationary behavior of inter-vehicular radioprop-
agation channels is therefore absolutly crucial. Three different casescan be
considered, depending on whether it is to be used in

• Off-line analysis, when stationarity intervals have to be identified from
data collected during a complete measurement route (as done in Chapter
3). This information can then be used in order to investigate the non-
stationary behavior of the radio propagation channel, e.g. the time-,
frequency- and space-dependency of the underlying fading statistics(as
done in Chapter 4),

• Off-line emulators, in order to design and/or validate(i): (parts of) IEEE
802.11p based communication systems or(ii): dedicated algorithms for
such systems. In that case, we require models that are able to reliably
reproduce real-world radio propagation channels (especially regarding
their non-stationary behavior).

For that purpose, a GSCM approach similar to the one proposed in Chap-
ter 5 could be purposely considered, since it is definitely simpler and
faster (but yet less accurate) than ray-tracing techniques, while more
accurate (but yet more complex) than other usual stochastic radio prop-
agation channel models (e.g. TDLs). Moreover, such a model can easily
be extended to additional environments or scenarios (by simply plug-
ging the appropriate model parameters), integrate more elaborate traffic
models, consider any arbitrary (SISO, MIMO) antenna pattern at the Tx
and Rx sides, etc. depending on the users’ needs,
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• Real-world embedded communication systems, so as to be used in adap-
tive algorithms (e.g. for the optimization of the feedback rate between
the Tx and Rx sides, etc). In that case, the characterization of station-
arity time intervals (as previously described in Chapter 3) requires the
knowledge of the spatial structure of the underlying MIMO radio prop-
agation channel at future time instants (what is clearly not possible for
such real-time applications, since this information is obviously not yet
available at a given time instant).

As a result, some algorithms (or some alternative system architectures)
have for example to be considered in order to reliably predict the future
state of the underlying MIMO radio propagation channel that will be
undergone, with an horizon as far as possible (so that very large station-
arity regions can be detected). Based on this information, stationarity
time intervals, over which the WSS assumption (which was found to be
the most critical one in vehicular environments) will remain valid, could
then be identified.

In other words, the identification of stationarity intervals can for the moment be
addressed only in the context of off-line applications, when the spatial struc-
ture of the underlying MIMO radio propagation channel is available at each
single time instant (whether it be in the past or in the future). Regarding real-
time applications, the procedure (as previously described in Chapter 3) cannot
be used directly as such, since the future behavior of the radio propagation
channel is unavailable and has therefore first to be somehow predicted,in an
as accurate manner as possible.

What’s next?

The analysis of the non-stationary behavior of vehicular radio propagation
channels opens the door to different open questions that could be addressed
for future possible work in that direction, for example

• To determine more precisely the improvement in the system perfor-
mances that can be expected when taking into account the non-stationary
behavior of radio propagation channels (Fig. 6.1 being simply an appe-
tizer in that perspective). To turn it in another way, how can we optimize
the already existing algorithms in order to take advantage of this non-
stationary behavior?

We could for example think to adaptive beamforming applications, so
that information would be transmitted in the directions in the environ-
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ment maximizing the stationarity of the experienced radio propagation
channel, etc.

• To not only rely on statistical models for characterizing the non-stationary
behavior of radio propagation channels, as this was almost always done
in the literature up to now, whether it be throughout this thesis or in
the work conducted by other research groups (to the best of my best
knowledge). It would indeed be interesting to get a more in-depth under-
standing of the physical phenomena from which non-stationarity origi-
nates. Hence, next steps in that directions could for example consist of
the analysis of the non-stationarity on a per-scatterer basis, in order to
understand how much (and under which conditions) each of them con-
tributes to the overall non-stationary behavior of the radio propagation
channel (this latter being now well characterized), whether it be related
to the way it moves in the environment surrounding the Tx and Rx, to
their scattering properties, etc.

However, this could also consist in characterizing how much the char-
acteristics of real-world wireless communication systems (regarding the
number of antennas at both link ends, the polarization, the bandwidth,
the antenna radiation patterns, etc.) can impact the non-stationary be-
havior of the radio propagation channel over which it communicates.

In other words, this would consist in proposing deterministic explana-
tions of the non-stationary behavior of radio propagation channels,

• To extend the concept of non-stationarity to next generation wireless
communication multi-user systems, including (non exhaustively) relay-
ing applications, cognitive radio, etc. Indeed, the non-stationarity has
up to now been considered only for single link systems, when one trans-
mitter communicates with one receiver. The definition of the concept of
non-stationarity in the context of multi-user systems is not necessarily
straightforward: according to what reference could we define it? For
each link separately? Or from a system point of view (i.e. by jointly
considering all the links)?

As it can be seen, the question of the non-stationarity is just popping up (since
the last few years), and a lot of groundbreaking work is therefore left to do.



APPENDIXA
Parameterizing the narrowband

fading statistics

This Appendix provides the complete parameterization of the three-modal Gaus-
sian distributions used for the spatial modeling (i.e. taken over all the antenna
pairs between the Tx-Rx semi-spherical arrays) of the time-varying large- and
small-scale fading statistics respectively (in all the environments investigated
during the Aalto 2007 measurement campaign).

Table A.1: Estimated parameters of the bi-modal Gaussian distribution for
ω̂
(1)
KSS

(p) 1.

i = 1 i = 2 i = 3

ω̂1 µ̂1 σ̂1 ω̂2 µ̂2 σ̂2 ω̂3 µ̂3 σ̂3

Campus
0.38 0.04 0.02 0.32 0.11 0.05 0.30 0.57 0.20

(4 routes)

Urban
0.28 0.04 0.02 0.55 0.18 0.09 0.17 0.39 0.17

(3 routes)

Sub-urban
0.57 0.08 0.04 0.31 0.20 0.07 0.12 0.38 0.15

(6 routes)

Highway
0.43 0.07 0.04 0.26 0.17 0.07 0.30 0.46 0.18

(5 routes)

1The weight of the distribution second mode can be obtained asω̂
(2)
KSS

(p) = 1− ω̂
(1)
KSS

(p).
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Table A.2: Estimated parameters of the bi-modal Gaussian distribution for
µ̂
(1)
KSS

(p).

i = 1 i = 2 i = 3

ω̂1 µ̂1 σ̂1 ω̂2 µ̂2 σ̂2 ω̂3 µ̂3 σ̂3

Campus
0.33 -24.58 1.66 0.32 -16.31 4.65 0.34 -1.82 2.90

(4 routes)

Urban
0.45 -25.34 1.52 0.29 -18.04 4.31 0.26 -3.64 4.11

(3 routes)

Sub-urban
0.62 -24.75 1.50 0.31 -16.59 5.73 0.07 2.83 0.89

(6 routes)

Highway
0.33 -24.58 1.66 0.32 -16.31 4.65 0.34 -1.82 2.90

(5 routes)

Table A.3: Estimated parameters of the bi-modal Gaussian distribution for
µ̂
(2)
KSS

(p).

i = 1 i = 2 i = 3

ω̂1 µ̂1 σ̂1 ω̂2 µ̂2 σ̂2 ω̂3 µ̂3 σ̂3

Campus
0.55 0.51 0.70 0.38 1.95 0.93 0.07 5.77 1.19

(4 routes)

Urban
0.41 -0.42 0.83 0.45 1.39 1.01 0.15 2.24 2.48

(3 routes)

Sub-urban
0.47 -0.66 0.62 0.40 0.12 0.51 0.13 4.36 1.86

(6 routes)

Highway
0.50 0.41 0.70 0.43 1.51 0.83 0.07 6.30 0.90

(5 routes)
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Table A.4: Estimated parameters of the bi-modal Gaussian distribution for
σ̂
(1)
KSS

(p).

i = 1 i = 2 i = 3

ω̂1 µ̂1 σ̂1 ω̂2 µ̂2 σ̂2 ω̂3 µ̂3 σ̂3

Campus
0.46 2.32 1.04 0.27 5.58 1.35 0.27 9.60 1.53

(4 routes)

Urban
0.54 3.27 1.13 0.23 6.11 1.21 0.22 9.36 1.48

(3 routes)

Sub-urban
0.56 3.07 0.86 0.25 4.98 1.21 0.18 9.28 1.51

(6 routes)

Highway
0.48 2.51 1.06 0.29 5.06 1.18 0.22 9.77 1.74

(5 routes)

Table A.5: Estimated parameters of the bi-modal Gaussian distribution for
σ̂
(2)
KSS

(p).

i = 1 i = 2 i = 3

ω̂1 µ̂1 σ̂1 ω̂2 µ̂2 σ̂2 ω̂3 µ̂3 σ̂3

Campus
0.42 1.86 0.37 0.39 2.25 0.54 0.18 2.70 1.16

(4 routes)

Urban
0.28 1.91 0.49 0.50 2.53 0.46 0.22 3.11 0.85

(3 routes)

Sub-urban
0.09 1.43 0.41 0.62 2.90 0.38 0.28 3.35 0.65

(6 routes)

Highway
0.20 1.44 0.62 0.55 2.63 0.52 0.24 2.79 0.93

(5 routes)



124 Parameterizing the narrowband fading statistics

Table A.6: Estimated parameters of the bi-modal Gaussian distribution for
ω̂
(1)

σ2
LS
(p) 2.

i = 1 i = 2 i = 3

ω̂1 µ̂1 σ̂1 ω̂2 µ̂2 σ̂2 ω̂3 µ̂3 σ̂3

Campus
0.38 0.49 0.15 0.38 0.71 0.08 0.24 0.88 0.04

(4 routes)

Urban
0.17 0.41 0.14 0.41 0.66 0.08 0.42 0.82 0.05

(3 routes)

Sub-urban
0.11 0.34 0.10 0.51 0.58 0.09 0.39 0.65 0.10

(6 routes)

Highway
0.17 0.46 0.15 0.35 0.70 0.09 0.47 0.86 0.07

(5 routes)
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Table A.7: Estimated parameters of the bi-modal Gaussian distribution for
µ̂
(1)

σ2
LS
(p).

i = 1 i = 2 i = 3

ω̂1 µ̂1 σ̂1 ω̂2 µ̂2 σ̂2 ω̂3 µ̂3 σ̂3

Campus
0.41 0.95 0.12 0.36 1.14 0.14 0.23 1.49 0.25

(4 routes)

Urban
0.47 0.89 0.10 0.32 1.20 0.17 0.21 1.61 0.23

(3 routes)

Sub-urban
0.59 0.93 0.10 0.19 1.05 0.16 0.22 1.62 0.21

(6 routes)

Highway
0.57 1.05 0.09 0.29 1.41 0.14 0.14 1.84 0.18

(5 routes)

Table A.8: Estimated parameters of the bi-modal Gaussian distribution for
µ̂
(2)

σ2
LS
(p).

i = 1 i = 2 i = 3

ω̂1 µ̂1 σ̂1 ω̂2 µ̂2 σ̂2 ω̂3 µ̂3 σ̂3

Campus
0.33 1.22 0.13 0.46 2.02 0.42 0.21 2.72 0.57

(4 routes)

Urban
0.31 1.79 0.29 0.51 2.13 0.36 0.18 2.53 0.54

(3 routes)

Sub-urban
0.49 1.88 0.26 0.31 2.01 0.20 0.20 2.98 0.36

(6 routes)

Highway
0.61 1.82 0.24 0.26 2.86 0.41 0.12 3.97 0.63

(5 routes)
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Table A.9: Estimated parameters of the bi-modal Gaussian distribution for
σ̂
(1)

σ2
LS
(p).

i = 1 i = 2 i = 3

ω̂1 µ̂1 σ̂1 ω̂2 µ̂2 σ̂2 ω̂3 µ̂3 σ̂3

Campus
0.29 0.21 0.03 0.28 0.31 0.06 0.42 0.32 0.12

(4 routes)

Urban
0.22 0.24 0.02 0.49 0.29 0.09 0.29 0.40 0.11

(3 routes)

Sub-urban
0.35 0.32 0.08 0.39 0.32 0.03 0.26 0.55 0.10

(6 routes)

Highway
0.74 0.26 0.08 0.08 0.41 0.02 0.18 0.47 0.06

(5 routes)

Table A.10: Estimated parameters of the bi-modal Gaussian distribution for
σ̂
(2)

σ2
LS
(p).

i = 1 i = 2 i = 3

ω̂1 µ̂1 σ̂1 ω̂2 µ̂2 σ̂2 ω̂3 µ̂3 σ̂3

Campus
0.40 0.25 0.09 0.37 0.55 0.12 0.22 0.83 0.18

(4 routes)

Urban
0.39 0.41 0.10 0.41 0.56 0.11 0.20 0.72 0.21

(3 routes)

Sub-urban
0.31 0.41 0.08 0.39 0.55 0.20 0.29 0.69 0.21

(6 routes)

Highway
0.46 0.29 0.12 0.30 0.59 0.14 0.24 0.94 0.19

(5 routes)



APPENDIX B
Parameterizing the Ricean

K-factor

This Appendix provides the complete parameterization of the bi-modal Gaus-
sian distribution used for the modeling of the time-varying RiceanK-factor,
for all the scenarios investigated during the Aalto 2009 measurement cam-
paign.
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(b) Means of the Gaussian modes.
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(c) Standard-deviation of the Gaussian modes.

Figure B.1: Parameters of the bi-modal Gaussian distribution estimated for all
the Rx antenna elements, when the LoS component between the Tx and Rx
vehicles is occasionally obstructed (Aalto 2009 measurement campaign).

Fig. B.1 shows how the parameters of the bi-modal Gaussian distribution
estimated for all the elements of the Rx antenna array, when the LoS compo-
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nent between the Tx and Rx vehicles is occasionally obstructed (see Table2.2
for the link to antenna mapping and Fig. 2.2(b) for the antenna positions in the
array, respectively).

Three different cases can be identified, namely for elements located(i): at
the frontside,(ii): on the sides and(iii): at the backside of the Rx antenna array.
The average parameters of the bi-modal Gaussian distribution are provided in
Tables B.1− B.3 for each of these three Rx antenna subsets, respectively.

Table B.1: Rx antennas located at the frontside of the array.

i = 1 i = 2

ω̂1 µ̂1 σ̂1 ω̂2 µ̂2 σ̂2

Underground parkings Median [dB] 0.66 2.86 2.01 0.34 9.19 6.20
(3 routes) Std. [dB] 0.81 0.92 0.74 0.08 1.38 1.66

Road crossings Median [dB] 0.66 4.27 3.38 0.34 7.88 3.82
(2 routes) Std. [dB] 0.13 1.12 1.13 0.13 3.47 1.39

Urban environment Median [dB] 0.52 3.73 3.21 0.48 10.90 2.52
(2 routes) Std. [dB] 0.05 0.75 0.60 0.05 2.52 0.50

Opposite directions Median [dB] 0.72 2.35 3.22 0.28 10.18 2.81
(3 routes) Std. [dB] 0.07 0.58 0.40 0.07 2.66 1.12

Different directions Median [dB] 0.53 0.47 0.93 0.47 1.27 1.74
(1 route) Std. [dB] 0.21 0.77 0.75 0.21 1.93 0.97

Static-to-mobile Median [dB] 0.63 4.03 3.14 0.37 10.38 3.32
(1 route) Std. [dB] 0.13 0.92 0.61 0.13 1.91 1.15

Same direction + LoS Median [dB] 0.47 4.04 2.34 0.53 13.27 2.74
(8 routes) Std. [dB] 0.06 0.62 0.17 0.06 2.32 0.33

Same direction + NLoS Median [dB] 0.56 3.77 2.89 0.44 11.47 2.89
(7 routes) Std. [dB] 0.09 0.45 0.30 0.09 2.84 0.91
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Table B.2: Rx antennas located on the sides of the array.

i = 1 i = 2

ω̂1 µ̂1 σ̂1 ω̂2 µ̂2 σ̂2

Underground parkings Median [dB] 0.45 4.60 4.10 0.55 6.37 2.64
(3 routes) Std. [dB] 0.19 1.92 2.21 0.19 3.40 1.14

Road crossings Median [dB] 0.66 4.27 3.38 0.34 7.88 3.82
(2 routes) Std. [dB] 0.13 1.12 1.13 0.13 3.47 1.39

Urban environment Median [dB] 0.62 2.98 3.44 0.38 7.39 2.38
(2 routes) Std. [dB] 0.21 3.08 1.58 0.21 1.43 0.55

Opposite directions Median [dB] 0.66 2.77 3.38 0.34 9.57 2.96
(3 routes) Std. [dB] 0.11 0.84 0.65 0.11 3.78 1.46

Different directions Median [dB] 0.54 0.42 0.69 0.46 4.05 2.11
(1 route) Std. [dB] 0.10 0.64 0.48 0.10 2.21 0.98

Static-to-mobile Median [dB] 0.61 3.79 3.74 0.39 5.80 2.81
(1 route) Std. [dB] 0.26 1.70 1.98 0.26 3.49 1.58

Same direction + LoS Median [dB] 0.55 3.14 2.13 0.45 9.64 2.68
(8 routes) Std. [dB] 0.10 0.74 0.27 0.10 3.11 0.86

Same direction + NLoS Median [dB] 0.63 2.98 2.99 0.37 9.14 2.93
(7 routes) Std. [dB] 0.14 1.04 0.73 0.14 3.31 1.42
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Table B.3: Rx antennas located at the backside of the array.

i = 1 i = 2

ω̂1 µ̂1 σ̂1 ω̂2 µ̂2 σ̂2

Underground parkings Median [dB] 0.82 2.70 1.70 0.18 4.15 5.89
(3 routes) Std. [dB] 0.17 1.21 1.16 0.17 1.82 1.69

Road crossings Median [dB] 0.56 5.50 5.36 0.43 8.79 4.28
(2 routes) Std. [dB] 0.10 1.01 1.46 0.10 2.06 1.39

Urban environment Median [dB] 0.53 1.77 3.43 0.47 2.42 2.14
(2 routes) Std. [dB] 0.30 2.62 2.60 0.30 2.65 1.66

Opposite directions Median [dB] 0.79 3.81 3.77 0.21 11.06 3.15
(3 routes) Std. [dB] 0.12 0.73 0.42 0.12 3.21 1.16

Different directions Median [dB] 0.54 0.57 0.66 0.45 6.34 2.98
(1 route) Std. [dB] 0.06 0.40 0.25 0.06 2.03 0.92

Static-to-mobile Median [dB] 0.77 2.28 4.48 0.23 3.70 2.76
(1 route) Std. [dB] 0.35 6.91 2.06 0.35 3.33 2.20

Same direction + LoS Median [dB] 0.65 2.36 1.97 0.35 7.42 4.48
(8 routes) Std. [dB] 0.19 0.60 0.32 0.19 1.81 1.36

Same direction + NLoS Median [dB] 0.67 2.20 3.31 0.33 3.40 2.92
(7 routes) Std. [dB] 0.05 0.78 0.87 0.05 2.37 1.04



APPENDIXC
Parameterizing the RMS delay

spread

This Appendix provides the complete parameterization of the bi-modal Gaus-
sian distribution used for the modeling of the time-varying RMS delay spread
(in the log-scale), for all the scenarios investigated during the Aalto 2009 mea-
surement campaign.
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(b) Means of the Gaussian modes.
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(c) Standard-deviations of theGaussian modes.

Figure C.1: Parameters of the bi-modal Gaussian distribution estimated for all
the Rx antenna elements, when the LoS component between the Tx and Rx
vehicles is occasionally obstructed (Aalto 2009 measurement campaign).

Fig. C.1 shows how the parameters of the bi-modal Gaussian distribution
estimated for all the elements of the Rx antenna array, when the LoS compo-
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nent between the Tx and Rx vehicles is occasionally obstructed (see Table2.2
for the link to antenna mapping and Fig. 2.2(b) for the antenna positions in the
array, respectively). For clarity reasons, note that we provide herethe means
and standard-deviations of the lognormal modes.

Three different cases can thus be identified, namely for elements located
(i): at the frontside,(ii): on the sides and(iii): at the backside of the Rx
antenna array. The average parameters of the bi-modal Gaussian distribution
are provided in Tables C.1− C.3 for each of these three Rx antenna subsets,
respectively.

Table C.1: Rx antennas located at the frontside of the array.

i = 1 i = 2

ω̂1 µ̂1 σ̂1 ω̂2 µ̂2 σ̂2

Underground parkings Median [ns] 0.39 6.84 1.21 0.61 13.03 8.22
(3 routes) Std. [ns] 0.35 2.22 1.72 0.35 14.93 15.57

Road crossings Median [ns] 0.37 5.92 0.53 0.63 35.55 25.21
(2 routes) Std. [ns] 0.17 0.13 0.07 0.17 7.88 7.50

Urban environment Median [ns] 0.72 7.90 2.40 0.28 52.20 36.49
(2 routes) Std. [ns] 0.11 0.20 0.18 0.11 7.73 9.38

Opposite directions Median [ns] 0.44 6.37 0.75 0.56 32.94 22.88
(3 routes) Std. [ns] 0.12 0.11 0.08 0.12 9.83 9.92

Different directions Median [ns] 0.19 34.78 42.04 0.81 105.13 59.69
(1 route) Std. [ns] 0.05 18.86 27.44 0.05 21.39 10.80

Static-to-mobile Median [ns] 0.33 5.96 0.55 0.67 31.62 26.68
(1 route) Std. [ns] 0.05 0.09 0.06 0.05 6.09 6.97

Same direction + LoS Median [ns] 0.66 5.67 0.41 0.34 45.62 60.69
(8 routes) Std. [ns] 0.07 0.04 0.03 0.07 12.92 22.44

Same direction + NLoS Median [ns] 0.43 5.75 0.47 0.56 18.09 13.78
(7 routes) Std. [ns] 0.06 0.14 0.06 0.06 2.80 3.37
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Table C.2: Rx antennas located on the sides of the array.

i = 1 i = 2

ω̂1 µ̂1 σ̂1 ω̂2 µ̂2 σ̂2

Underground parkings Median [ns] 0.36 9.47 3.15 0.64 22.73 15.70
(3 routes) Std. [ns] 0.31 3.55 2.79 0.31 18.08 16.95

Road crossings Median [ns] 0.53 5.96 0.56 0.47 25.92 21.24
(2 routes) Std. [ns] 0.14 0.14 0.06 0.14 7.83 9.51

Urban environment Median [ns] 0.45 7.70 2.33 0.55 45.94 37.63
(2 routes) Std. [ns] 0.25 3.02 3.64 0.25 19.69 21.08

Opposite directions Median [ns] 0.46 6.30 0.71 0.54 29.21 20.36
(3 routes) Std. [ns] 0.14 0.13 0.08 0.14 8.64 9.17

Different directions Median [ns] 0.19 6.03 0.61 0.81 82.51 51.04
(1 route) Std. [ns] 0.08 9.69 15.40 0.08 16.70 10.25

Static-to-mobile Median [ns] 0.32 6.05 0.60 0.68 33.09 28.03
(1 route) Std. [ns] 0.50 0.14 0.10 0.05 8.65 7.97

Same direction + LoS Median [ns] 0.58 5.69 0.41 0.42 38.44 47.37
(8 routes) Std. [ns] 0.09 0.13 0.08 0.09 15.52 31.38

Same direction + NLoS Median [ns] 0.35 5.81 0.51 0.65 21.43 18.19
(7 routes) Std. [ns] 0.08 0.11 0.08 0.08 14.63 16.99



134 Parameterizing the RMS delay spread

Table C.3: Rx antennas located at the backside of the array.

i = 1 i = 2

ω̂1 µ̂1 σ̂1 ω̂2 µ̂2 σ̂2

Underground parkings Median [ns] 0.33 16.93 10.62 0.67 58.58 38.79
(3 routes) Std. [ns] 0.25 12.45 16.44 0.25 16.80 10.39

Road crossings Median [ns] 0.64 5.88 0.50 0.36 22.14 17.72
(2 routes) Std. [ns] 0.08 0.11 0.08 0.08 7.78 14.30

Urban environment Median [ns] 0.37 11.42 6.31 0.63 84.93 67.38
(2 routes) Std. [ns] 0.15 13.41 20.31 0.15 25.30 22.23

Opposite directions Median [ns] 0.52 6.32 0.70 0.47 31.54 27.33
(3 routes) Std. [ns] 0.08 0.06 0.03 0.08 7.10 10.16

Different directions Median [ns] 0.24 6.02 0.54 0.76 67.66 51.61
(1 route) Std. [ns] 0.08 0.11 0.03 0.08 9.87 10.04

Static-to-mobile Median [ns] 0.33 6.13 0.65 0.67 42.11 34.07
(1 route) Std. [ns] 0.03 0.09 0.08 0.03 6.00 5.76

Same direction + LoS Median [ns] 0.42 5.59 0.32 0.58 60.08 88.76
(8 routes) Std. [ns] 0.12 0.14 0.10 0.12 22.72 36.49

Same direction + NLoS Median [ns] 0.30 5.81 0.49 0.70 53.53 48.27
(7 routes) Std. [ns] 0.06 0.07 0.04 0.06 17.91 19.67
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A. F. Molisch, and C. F. Mecklenbräuker, “Characterization of vehicle-
to-vehicle radio channels from measurements at 5.2 GHz,”Wireless Per-
sonal Communications, vol. 50, no. 1, pp. 19 – 32, January 2009.



146 Bibliography

[84] P. C. F. Eggers, T. W. C. Brown, K. Olesen, and G. F. Pedersen, “As-
sessment of capacity support and scattering in experimental high speed
vehicle to vehicle MIMO links,” inIEEE 65th Vehicular Technology
Conference (VTC), Dublin (Ireland), April 2007, pp. 466 – 470.

[85] S. Kaul, K. Ramachandran, P. Shankar, S. Oh, M. Gruteser, I.Seskar,
and T. Nadeem, “Effect of antenna placement and diversity on vehicular
network communications,” inIEEE 4th Communications Society Con-
ference on Sensor, Mesh and Ad Hoc Communications and Networks
(SECON), vol. 1, San Diego (California, USA), June 2007, pp. 112 –
121.

[86] J. Karedal, F. Tufvesson, T. Abbas, O. Klemp, A. Paier, L. Bernad́o,
and A. F. Molisch, “Radio channel measurements at street intersections
for vehicle-to-vehicle safety applications,” inIEEE 71st Conference on
Vehicular Technology (VTC), Taipei (Taiwan), May 2010, pp. 1 – 5.

[87] L. Bernad́o, A. Roma, A. Paier, T. Zemen, N. Czink, J. Karedal,
A. Thiel, O. Klemp, F. Tufvesson, A. F. Molisch, and C. F. Meck-
lenbr̈auker, “In-tunnel vehicular radio channel characterization,” in
IEEE 73rd Vehicular Technology Conference (VTC), May 2011, pp. 1
– 5.

[88] L. Bernad́o, T. Zemen, J. Karedal, A. Paier, A. Thiel, O. Klemp,
N. Czink, F. Tufvesson, A. F. Molisch, and C. F. Mecklenbräuker,
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