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Abstract

In inter-vehicular environments, the scattering environment can chasge v
rapidly, due to(i): the mobility of the vehicles(ji): the relatively low height

of the antennas (with no elevated base stations)#idthe 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 oy ov
short (bounded) time, frequency and angular intervals, respectilrelgther
words, inter-vehicular radio propagation channels are significantlgrdif
from the (already well-known) ones of other wireless cellular netwaish
that dedicated measurement campaigns and realistic radio propagatioeichan
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 dimensiong x N; = 30 x 30
and Ny x Ny = 30 x 4, respectively) were extensively investigated at
a carrier frequency of 5.3 GHz, in several environments and scanario
very specific to Intelligent Transportation Systems (ITS),

e 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 struzfture
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-facto



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) cempo
nent between the Tx and Rx vehicles,

« Avehicular 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

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 altlowe
world, either for domestic and social usage or freight transport. tiriately,

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 tharB000 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 approxima&iy (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 an®, emissions [2]. In
2010, road transport was responsible fat, of worldwide CO, emis-
sions from fuel combustior2@.7% for OCDE countries) and5% of
overall greenhouse gas emissions. Light-duty (passenger) vehizles a
count for up t065% to 70% of the overall road sectdfO, emissions,
which are forecast to rise by approximately; within 2030.

Hence, simultaneous efforts at the social, economical and technologiel le
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). \Eeach
hicle would then act as a node in a peer-to-peer distributed networkamegeh
ing warning notifications (regarding traffic conditions, road accideneadh
the passing of vehicles with high priority as firetrucks or ambulances, etc.)
or driving assistance (e.g. for collision avoidance, wrong-way dgivlane
changing, etc.) in order to make the driving experience safer and miore ef
cient (and hence more friendly) for the users. Such active roatysgiplica-
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 comnamunic
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, etch, whic
would require higher data rates.

For that purpose, car manufacturers, road and infrastructuratopg@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 irggomal
standard, IEEE 802.11p [3], has been developed for vehicular coratiom
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 staddar
based on the well-known WiFi technology and operates irbth&Hz band.

The development and the deployment of a reliable vehicular wireless com-
munication system require a deep understanding of the underlying ragia-pr
gation channels. However, they differ significantly from those of otetular
wireless networks, which have already been widely explored in the litesatur
as they are intrinsically strongly time-varying (and therefore non-statjpnar
Such differences can be explained(®y the mobility of the Transmitter (Tx)
and Receiver (Rx) vehicles with possible high velocit{@k, the relatively low
height positions of the Tx and Rx antennas (with no base stationjigndhe
potentially large number of scatterers located in the environment surrgundin
the Tx and Rx vehicles. As a consequence, dedicated measuremenigianpa
as well as realistic radio propagation channel models are required intorde
deeply understand vehicular radio propagation channels and to eXpibéia
potentialities. These different tasks have been addressed since 200G ge
number of papers, stemming from several research groups, anchinesdy
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-Qutp
(MIMO) radio propagation channels. Section 1.2 introduces the corufept
non-stationarity of the radio propagation channel and different meticisf
characterization in MIMO radio propagation channels. Section 1.3 previde
a review of different possible approaches for the modeling of radipgga-
tion channels. Section 1.4 is dedicated to the experimental characterization of
inter-vehicular radio propagation channels. Finally, Section 1.5 pretents
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 varioysph
ical propagation phenomena. These interactions are assumed to olyciur on
the far-field of the antennas, such that the transmitted waves can be dsssime
being planar and described using ray-optical approximations. Théjposs
teractions consist in specular reflections, waveguiding, diffracticatfesing,
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 Responkse (IR
of the radio propagation channel is the linear coherent superpositiafi of
these multipath components. This superposition can be either constructive or
destructive (as the phase of the multipath components is random), henee yield
ing fading, and may significantly deteriorate the quality of the receivedlsigna
All the frequencies of the transmitted signal being affected by differedti-mu
path components, the fading is said to be frequency selective. Mordbger
radio propagation channel varies over time, owing to the possible motion of
the Tx, the Rx and the scatterers (especially in vehicular environments). Ea
multipath component undergoes a different Doppler frequency shidt tram
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(7; t), which relates the input signal(¢) at the Tx side and the output signal
y(t) at the Rx side through the convolution operation

y(t) = h(7; 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 systeandmaal|
bandwidth, such that all the multipath components arrive at the Rx side within
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80

Time [s]

Figure 1.1: Example of measured time-variant IRs.

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

h = GO/ - Sls Sss, (1.2)
b)) Yy

1.

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

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

Pathloss exponents around - 1.9 were reported on highways with
light trafic conditions [12, 13, 14] and in rural environments [14]. Ehes
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 23 - 2.7 up to a distance of00 m,

and around3.8 - 4 beyond that distance [16]. In urban environments,
pathloss exponents @f6 - 1.9 were typically measured [14, 15, 17],

2. Large-scale fading, which describes the fluctuations of the radj pro
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 scenatie
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 pathlos
curve, with Probability Density Function (PDF) given by

1 _ (1‘“5*;4_5)2
T ,0LS) = ——¢ s 1.3
f(x; pLs,oLs) Jorores (1.3)

wherepu s andaES are the mean and variance of the corresponding nor-
mal random variable, respectively. Moreover, the large-scale fading
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 arountl5 - 3.3 dB in Line-of-Sight (LoS)
conditions [13, 14, 15] and arourdl - 6.7 dB in non-LoS conditions
[18]. Typical decorrelation distances of approximatgiy are reported

in urban environments and @B m (resp. 32 m) on highways in LoS
(resp. non-LoS) conditions [18],

. 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
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o2 Its envelope thus follows a Rayleigh distribution with PDF

22

f(x; osg) = %e_ggs, x> 0. (1.4)
Oss
Note thatoZ, = 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

x —(K+ ’322)1.0 (\/ﬁ

f(.T7 Oss; K) - 2 € 278

Oss Oss

a:) , 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. Note2hit =

1/(K + 1) when the small-scale fading has unit power. A Ricean K-
factor close ta) 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 coherect sp
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

flz: o, 8) = B (f)ﬁ_l () 2o, (1.6)

a \(x

wherea and 5 are the scale and shape parameters of the Weibull distri-
bution, respectively. Note that = 1/,/T" (1 + 2/3) when the small-
scale fading has unit power, whefg-) denotes the Gamma function.
The shape parametgris often used as an indicator of the fading sever-
ity: 8 = 2 yields indeed the Rayleigh distribution, whife < 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 Eqg. (1.2) inherently includes not only the radio propa-
gation channel but also the influence of the Tx and Rx antenna pattatms an
the corresponding Radio-Frequency (RF) cables, as shown in Figdérite,

this model is very specific to the antenna arrays that have been use@mo-par
eterize the model.
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Tx unit of the Rx unit of the
channel sounder channel sounder
h(t; t) as defined in Eq. (1.2)

’ \
Tx antenna Rx antenna !

1 1
\V v

Radio propagation
\ channel P

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 pitjmay
channel can be expressed as the linear (coherent) time-varianpssitien of
L multipath components, such that [11, 23, 24]

L-1

h(Tst; Qe Qr) = D 7™ gre(Qryt) a1 grx(Qrxt) 6(7 — 71), (L.7)
1=0

wherer;, a;, v andQ1y ; and€2ry; denote the time-variant delay, complex am-
plitude, Doppler shift, Angle-of-Departure (AoD) and Angle-of-Amai (AoA)
of the I** multipath component, respectively. The AoD is determined by the
azimuth anglepty; and the elevation angler,; (the AoA being defined in a
similar manner). MoreovegTy(Q1x;) andgrx(Qry,;) are the complex field
patterns of the Tx and Rx antennas in the directi@ig; andQry;, respec-
tively. Hence, the amplitude of thel* multipath component does not depend
on the kind of antenna arrays that are used at both link ends. Mord¢oeeo-
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.t- ver
cal and horizontal, so that low inter-antenna correlation can be achjekied
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Eqg. (1.7) can be rewritten as
-1
h(Tst; Qg Qr) = > _e77™ gry(Qpryt) %
1=0

e ] g (G bl - 7). (18)
alhy  Qlhh

where each multipath component is now associated with a polarization-rotation
matrix, which encompasses its amplitude for each pair of Tx-Rx polarization
(the subscript® 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.

* a;,., COrresponds to the complex amplitude of tHemultipath compo-
nent that is experienced by a signal transmitted with a vertical polariza-
tion and received with a vertical polarization,

* a1, corresponds to the complex amplitude of tHemultipath compo-
nent that is experienced by a signal transmitted with a horizontal polar-
ization and received with a vertical polarization,

* a;y COrresponds to the complex amplitude of tiemultipath compo-
nent that is experienced by a signal transmitted with a vertical polariza-
tion and received with a horizontal polarization,

* a; pp COrresponds to the complex amplitude of tiemultipath 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 parameteesnaly
time, delay, AoD and AoA. The radio propagation channel can equithglen
be described by several other functions, which are all related oneotbean
through Fourier transforms between

Time: t N Doppler frequency: v
Delay: T N Frequency: f
DoD-DoA: Q1yRx i> Space: ITw/Rx
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wherelryyrx 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 irdedes

of the received multipath components. These functions were first inteaduc
as parts of a system for the characterization of wideband time-varying linea
radio propagation channels by Bello in his seminal paper [25]. These'8ello
system functions were then generalized to the case of double-direat&nal
dio propagation channels [11, 26]. These functions are all relatedooaie-
other through Fourier transforms, so that the knowledge of at leastfaghem

is sufficient for the complete characterization of the double-directiormib ra
propagation channel. For example, the time-varying Tx-Rx angulatvezso
Transfer Function (TF) can be expressed as

G(f; t; Qrx; Qrx) = TR {h(75 t; Q1x; QR } - (1.9

Similarly, S(7; v; Q1x; Qrx) denotes the Doppler-varying Tx-Rx angular-
resolved IR, which can be obtained by taking the one-dimensional Fourier
transform ofh(7; t; Q1x; Qrx) in the time domain.

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

R(Tv 7-/ a ta t/ a QTX7 Qfl'x 7 QRX? Q&X) =
E{h(r; t; Qrx; Qr)h (7' 15 Q1 DRy} (1.10)

These multidimensional correlation functions are all related one to another
through double Fourier transforms. As a result, the knowledge of otiesé
system correlation functions is sufficient for the complete characterization
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 providéssimp
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 differen¢e- ¢'. 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 dependbeon
frequency differencé 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 spac
at the Tx and Rx sides. Hence, the antenna correlation only depends on
the differences in the spatial domaliryrx = 'txrx — lrwrx. 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 wigen th
three aforementioned assumptions are simultaneously fulfilled. The Doppler-
varying delay- and Tx-Rx angular-resolved correlation function ofrttdo
propagation channel is therefore white in all dimensions, such that Eif)(1
can be rewritten as

R(r,7"5 v, Qv Qs Qre QRy) =
R(AT; Av; AQry; AQRX)5(AT)5(AV)5(AQTX)5(AQRX)- (1.11)

In other words, the statistics of the radio propagation channel do nageha
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 selectivitibge of
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 narrod/ban
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Figure 1.4: Normalized Doppler spectra in vehicular environments, yyith=
0.8 andvryx = avrx. The peaks are found for the Doppler frequenei€sry —
UTx), respectively.

Doppler Power-Spectral Density (PSD)

P) = E {‘/// (75 v; Qry; Qry)drdQrydQry 2} L (112)

the mean Doppler frequenzyand RMS Doppler frequency spreaghs
are then defined as [28]

U= W, (1.13)
— )2 P)dv
Vrms = \/f (VIPSV)ZI(/ )d . (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 f.(vrx — vTx)/c, Where f., vty (resp. vry)

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'sspe
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 arouri®0 Hz [19, 14], but also with possible
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values up td760 - 1000 Hz [32]. Smaller values are reported in urban
environments, typically betweed® and90 Hz [19, 14], with maximum
values up ta260 - 340 Hz [32]. The average RMS Doppler spread was
found to increase linearly with the effective spéed, + v3,)'/? [16],

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

2
}, (1.15)

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

P(r)=F {‘/// h(7; t; Q1x; QRrx)dtdQTxd Ry

= ffg(:))dd:, (1.16)
-7 2 T)dT
Trms = \/f (TIPET)ZS' )d . (1.17)

The RMS delay spread has been extensively investigated in a number of
inter-vehicular measurement campaigns. Both rural and sub-urban env
ronments usually exhibit the smallest RMS delay spreads, with average
values typically aroun@0 - 50 ns [14, 32]. Significantly higher values
can be observed on highways, betwe@rand400 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 ofi 20 - 370 ns [32, 33], although0 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 Powe
Spectrum (APS) at the Tx side

2

} ,  (1.18)

the mean Tx angl€ry and RMS Tx angular spreadry, ims are then
defined as [28]

P(Qrx) = E{‘/// h(7; t; Qrx; Qrx)dTdtd Ry

Qo — IQTXP(QTx)dQTX
X — )

(1.19)
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o f (QTX - ﬁTx)2 P(QTx)dQTx
Q1x, rms = \/ TP(Qry) drx . (1.20)

Note thatQty is a vector with the mean Tx azimuth and elevation angles
O1x and ¢y, respectively. The vectdRry, ms coNtains the correspond-
ing RMS value9tx ims and ¢ty 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 2% - 35° are reported in intersection sce-
narios, and smaller values betwe&h 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, largg RM
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 radijpggation
channel varies considerably over time, even over one Orthogonal&ney
Division Multiplexing (OFDM) symbol. In that case, orthogonality between
the subcarriers is lost, leading therefore to inter-carrier interfer&®ehd to

the degradation of the overall system performance. Finally, the RMSamngu
spread can be used in adaptive beamforming applications (when camgider
the Tx and/or Rx antenna directivities). Indeed, large RMS angulaadpre
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 largé dipatia
versity gain is possible. On the other hand, low RMS angular spreadstadica
that the Tx and/or Rx antenna directivities can be narrowed, yielding tireref
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 channebeaex-
ploited only in MIMO communication systems, wifty andV,. closely-spaced
antennas at the Tx and Rx sides respectively, as shown in Fig. 1.5.rfeor a
rowband radio propagation channel (or, equivalently, for eactydgtaof a
wideband one), each Tx-Rx antenna link can undergo a differehzagan
of the radio propagation channel. As a consequence, if a link is affégted
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|
Figure 1.5: Principle of MIMO wireless communication systems.

a deep fade (owing to destructive interferences of the multipath compynents
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 effécts o
fading are very local, they can vary significantly from one element to anoth
for a same antenna array). For a double-directional radio propagdtzmel,

the MIMO channel matrix can be expressed as

hii(t;t) ... hin(7; 1)
H(r;t) = : : ; (1.21)
hna(T;t) ... hy.n(751)

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

y(t) =H(7; t) *x(t) + n(t), (1.22)

wherex denotes aV; x 1 vector containing the transmitted samples, while
y andn are N, x 1 vectors containing the received samples and the receiver
noise, respectively. Combining Egs. (1.7) and (1.21), the expressithe o
double-directional MIMO radio propagation channel can then be rewrse

L1
H(r;t) = ™' Gre(Qrey) et GTx(Qrey) 6(7 —7),  (1.23)
1=0

whereGry(Q71x;) and Gry(2gyx;) areN; x 1 and N, x 1 vectors including

the antenna pattern effects and the steering vector of the Tx and Rx antenn
arrays in direction$2t,; and Qgy;, respectively. Similarly, by extension of

Eqg. (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

L-1
H(r;t) = > ™ Gry(Qrx) X
=0

[“”’”” ‘”’”h] GT () 6(7 — 7), (1.24)
Al by Ok

whereGry(Q71x,;) andGry(2ryx;) areN; x 2 and N, x 2 vectors including
the antenna pattern effects and the steering vector of the Tx and Rx antenn
arrays in direction$2g,; andQ2ty ;, respectively. Each line of these matrices
describes the response of one element of the Tx or Rx antenna arrag to th
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-Rxipatam
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 tadeons

the space-only characterization of the underlying radio propagatiomelsa

If both the delay and time shifts are set to zero (i.e= 7/ andt = '), then Eq.
(1.10) can be rewritten as the delay-dependent full spatial correlatibixma

R (1) = E{vec[H(r; )] vec[H(r ; t)]H} : (1.25)

where the operator véd stacks the matrix columns into a single column vec-
tor. Its N,. Ny x N, N; 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 asMex N, spatial correlation matrix

Rrx(r) = E{H" (7; t)H(7; t)*}, (1.26)
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* The Rx correlation coefficients, which are due to interactions at the Rx
side. They can be expressed asMex N, spatial correlation matrix

Reru(7) = E{H(r; ' H" (7 1)}, (1.27)

» The cross-correlation (off-diagonal) coefficients, which are dumto-
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. Huws dr
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 cahn there
fore be used in adaptive processing at the Tx and Rx sides sepdaighg.g.
when term time-averaged spatial statistics are evaluated at the Rx sidaland fe
back to the Tx one, so that this latter can optimize its transmission scheme. As
a consequence, these spatial correlation matrices provide usefuhatfon
on changes in the radio propagation channel as seen from one sitetioeia

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

Rrx = Upy A UpyH, (1.28)

RRX = URxARxURxHa (129)

whereUrx (resp.Ury) is a unitary matrix containing the eigenmode®Rof
(resp.RRx) at their columns, wherea%ty (resp. Arx) is a diagonal matrix
containing the corresponding eigenvalues sorted in descending sudbrthat
M= A2 = 2 AN, The strongest eigenvalues (that exceed a certain
threshold, which depends on the measurement system) characterizentile sig
subspace, i.e. the number of uncorrelated fading processes thabetento

the radio propagation channel (while the remaining ones are too wealeand b
low the noise level, so that they can be associated to the noise subspaare). E
though these strongest eigenvalues do not have any physical imétigren

the radio wave propagation (they indeed correspond to weighted sunitaf mu
path components), they characterize the degree of spatial diversityriadioe
propagation channel.



Introduction to non-stationary radio propagation channels 17

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 changthexrhe
it be on infinite time, frequency or angular intervals. It is indeed obviously
unrealistic, especially for real-world vehicular radio propagation chkrthat

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 envitonme
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, pr
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 channekx-or
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 olangu
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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, figquen
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 theecor
lation between consecutive PDPs. Alternatively, a framework for the- cha
acterization of the non-stationary behavior of SISO radio propagatian-ch
nels over time and frequency was proposed in [37, 38]. The confépuftcal
Scattering Function (LSF) was first introduced as an extension of tlieisca
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 appr@ech h
been used for the characterization of the non-stationary behaviohawar
MIMO radio propagation channels and the identification of stationarity regions
in [39, 40, 41, 42, 43].

Regarding Single-Input Multiple-Output (SIMO) radio propagation ehan
nels, theF'-eigen ratio was introduced in [44] to measure the discrepancy be-
tween spatial correlation matrices at the Rx side. It corresponds to thadyen
that is undergone (in terms of power loss) when out-dated spatial statigtics a
used in beamforming applications instead of the actual ones. Nonethetess, th
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 evolutiorery sp
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 presence
the LoS component. However, none of these methods really takes advalfitag
the knowledge of the spatial structure of MIMO radio propagation channe
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 spatiat str
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 mannergbefor
its deployment.

Since vehicular radio propagation channels are intrinsically non-stagionar
their statistics can fluctuate significantly and rapidly over time, frequency and
space. Hence, any good vehicular radio propagation channel muolglds
be able to handle these non-stationary behaviors. To do so, diffevssibfe
approaches can be considered for the characterization of MIMO padpa-
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 chaniyel on
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 disadvastatiet,

the choice of a radio propagation model strongly depends on the application
that is targeted. It also depends on the system assumptions and has téatake in
account the trade-off between accuracy and complexity.

1.3.1 Deterministic channel models

Deterministic channel models seek at characterizing the radio wave propag
tion in a specific environment, which has to be defined with a certain level of
accuracy. This requires a detailed description of the environment imabe-
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 vehtcatfic
models, etc.

The radio wave propagation is usually obtained via ray-tracing appesach
[19, 50, 51, 52]. All possible propagation paths between the Tx anddgs s
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 universahthafo
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Figure 1.6: ITU radio propagation channel models for testing vehiculdr en
ronments, as used in the IEEE 802.11p standard.

diffraction, empirical diffraction or reflection models, etc. Diffuse scattgr
due to surface roughness can also be considered by including a stiatimtica
ponent in these deterministic approaches [53]. The total radio propagatio
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, RNy d
or Doppler spreads, etc.) in some specific environments (e.g. urban-macro
cells, street canyons, etc.). However, these approaches areltifficalibrate
(regarding the material properties, etc.) and computationally very exgensi
(depending on the number of parameters used in order to describe traenv
ment and on the targeted level of accuracy). Hence, deterministic aaiyg)
approaches are usually used only for very specific applications, ergant
tenna positioning [54, 55, 56, 57], since they do not appear suitablados
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, fregwem
space, it does not fluctuate in a completely random manner. As a consegue
these variations can be represented by means of descriptive statisticls, wh
do not necessarily have a physical signification. The statistical propettie
SISO radio propagation channels can therefore be modeled accordiog&é
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 dplRy ta
each one being assumed to fade independently with given statistics (e.g. am-
plitude distribution, Doppler spectrum, etc.) that can be extracted fronr-expe
imental measurement campaigns. Six- and twelve-tap models were developed
at2.4 GHz for various environments [58, 59]. Since each tap contains $evera
paths (each with its own Doppler spectrum, that can be selected from a small
number of shapes), they can be assigned an almost arbitrary Dopgdémnsp.

Two TDL models have been adopted as reference models in the 802.11p
standard [3]. They characterize vehicular environments with either lov RM
delay spreads (model A) or medium RMS delay spreads (model B),aespe
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 characteridtic
real-world physical radio propagation channels, especially their tadioiary
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 pratizy
channel, e.g.

« “Birth/death” Markov processes, so as to model the appearancasnd d
appearance of taps [21, 61]. However, they are not able to actmunt
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 impaceastih
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 combintion o
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) kings
cated around the Tx and Rx [31]. This model can be complexified by con-
sidering the possibility of a LoS component [63], non-isotropic scattenmng e
vironments [63, 64], an additional elliptical ring of scatterers [64], soatse
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 componen
is then assigned fading properties that are drawn from statistical distrisutio
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 crossinga@lethe
temporal variation of the MIMO spatial correlation [69, 70], the joint space
time correlation function [69, 71], etc. Though, as the scattering envirohme
remains static over time (scatterers are indeed assumed to always stay at their
position), they fail to reproduce a realistic physical environment, andete th
fore not handle the non-stationary behavior of the radio propagatiemneth.

Another approach consists in placing (strong) scatterers at physicaly mo
realistic positions, e.g. buildings, road signs or vegetation on the road sides
vehicles placed on different (parallel) road lanes, etc. Diffuse soajtean
also be considered, by placing numerous (low-power) scatterers andbe
sides [72, 73]. As the scattering environment is now dynamic (i.e. the move-
ment of the scatterers is taken into account), this approach inherenthybassc
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 parameterined fro
dedicated measurement campaigns which have specific requirements, espe
cially in terms of

Measurement set-ups

The first inter-vehicular measurement campaigns were conducteceliafor
introduction of the IEEE 802.11p standard in 2006, either in the Global ®yste
for Mobile Communications (GSM) band aroufd0 MHz [74, 75, 76] or in
the WiFi band around.4 GHz [58, 62, 76]. Narrowband SISO measurement
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set-ups were mostly considered [19, 74, 75, 77, 78], using eithetrapec
analyzers [19] or vector network analyzers [16, 79]. As a consecg, only
the time selectivity of vehicular radio propagation channels was charaaderiz
in terms of pathloss [74, 75], small-scale fading analysis [19, 74], Dopple
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 lntukar
double-directional radio propagation channels started also to be investiga
Hence, MIMO measurement set-ups were adopted, e.g. with antenga arra
having dimensionsV, x Ny = 2 x 2 [80] or N, x Ny = 4 x 4 [81, 82],
respectively. On the other hand, larger measurement bandwidths isere a
considered in order to characterize frequency selectivity,28./1Hz [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 veh
cles or vans. The antennas can be placed either on top of their rop&9}184]
or within the vehicles, e.g. on loading platforms or on dashboards [18133,
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]. Natenbst of
the antennas that have been used in these measurement campaigns-are reg
lar antennas, that are not integrated to the measurement vehicles in a realistic
manner. Nonetheless, specific antennas were designed in order tly loetéu
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 stronggndeon
the nature of the scattering environment surrounding the Tx and Rx neeasur
ment vehicles. These environments are usually classified as highweasfs, ru
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sub-urban and urban areas and have been already widely investagaltecl|
documented for other cellular radio communication systems [10]. This clas-
sification is sufficient for a large number of road traffic safety application
and has been considered in several inter-vehicular measurementigaspa
[14, 19, 33, 77, 87]. However, there are some applications venyifspar
vehicular communication systems that can not be included in this classifica-
tion. This concerns for example intersection scenarios, e.g. in ordepto av
possible collisions [88], or in-tunnel scenarios, e.g. in order to ptavafiic
jams after an accident in a tunnel by broadcasting warning messages (o the a
proaching vehicles [87]. Hence, each of these critical applicationsresgto

be characterized separately, with dedicated radio propagation chandels

[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 Cha
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 pemlzidh\f-
terwards, the technical details of each of these measurement campaigns ar
described, regarding the measurement set-ups and equipments as thell as
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-deptbebav-
ior of the spatial structure of vehicular MIMO radio propagation chanrtis
shown that significant changes, which may occur in the scattering enwénan
(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 channdis T
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 ordemto qua
titatively assess the (in-)validity of the WSS and US assumptions in vehicular
radio propagation channels. Hence, stationarity regions in time and fregue
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 noubdes
stochatically the time- and frequency-dependent behavior of the fatlitig-s
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 da&sump
holds over the whole measurement bandwidth). The large- and small-adale f
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 tnstan
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. dueefrcy-

, time- and space-variabilities of the so-extracted small-scale fading statistics
are then investigated. On the other hand, the second-order momentadide r
propagation channel (in terms of RMS delay spread) are consider@dhair
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 channelse 8isch
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 contributiongare
deed generated using very simplified ray-tracing tools, whereas theigfed
modeled as the combination of a deterministic distance-decaying process and
two stochastic small and large-scale processes. Moreover, the diffatter-
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 caase
ily generated.






CHAPTER

Venhicle-to-vehicle MIMO
measurement campaigns

The design and deployment of the IEEE 802.11p, as well as alternatiVe V2
wireless communication systems, requires therefore (according to Chapter
the knowledge of the underlying vehicular radio propagation chanmsebhch
teristics, which may be significantly different from those of classical cellula
wireless networks sing@: both the Tx and the Rx can be mobile (with possi-
bly high velocities)(ii): the antennas have relatively low heights &iiigf the
surrounding scattering environment can change very rapidly. Heéneax-
tensive evaluation of inter-vehicular radio propagation channels invedt
scenarios is needed, from which the estimation of these characteristids cou
be performed in order to derive accurate (measurement-based) mbliele a
reliably reproduce the time-varying behavior of these characteristics.

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

2.1 Aalto channel sounder

The Aalto channel sounder is an in-house designed measurement system
ating at a center frequency 6f3 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 ergls) th
radio propagation channel for all pairs of Tx and Rx antenna elemests, a
shown in Fig. 2.1. For every Tx antenna element, the whole Rx antenna arra
is therefore gone through (i.e. every Rx antenna element is measufed be
the Tx antenna element is switched.

For that purpose, a Pseudo-Noise (PN) sequence is used as aemnearsur
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, radteving
to these imperfections, the frequency response of the PN sequencefsithe
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 teese fr
quencies. This sequence ha& = 255 chips sampled at raté) MHz (i.e.
leading to a delay resolutioAT of 16.7 ns), having therefore a total length of
4.25 us. 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 elemértf (ou
a total numbenV;). Reciprocally, every Rx antenna element is switched se-
quentially (out of a total numbey¥,), the received signal being then band-pass
filtered, down-converted back to the base-band and demodulated.o%ore
the PN sequence is transmittéddimes for every Tx-Rx antenna pair, for av-
eraging reasons. This way, for each snapshot the transmitted codesigratea
N; x Ny x J times. The IR of the underlying radio propagation channel can
then be measured for each antenna link by directly correlating the rdcagyre
nal with the transmitted one, which has therefore to be knayriori 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 tene ref
ence and a very accurate synchronization between the Tx and Rx uimics, w
are here provided by Rubidium clocks. Moreover, a back-to-baliration
procedure has to be conducted before every measurement campmatgat s
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 dhanne

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

* trep < 1/2umay, i.€. 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 chhanne
is assumed to remain constant between two consecutive snapshots),

* trep > Tmax I-€. 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 no
have to overlap).

If these two conditions are satisfied, then the radio propagation chamdet u
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-rdlBSedp-
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®B 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 wasureghs
a numberJ = 2 of times, before switching to the next Tx-Rx antenna pair.
The maximum transmit power wa$ 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 frequencyj. 5.3 GHz
Transmit powerPry 36 dBm
Code length M 255 chips
Measurement bandwidtiB 17/ 60 MHz
Sampling frequencyfs = 1/Ts 120 MHz
Delay resolutionAr = 1/BW 16.7 ns
Snapshot timelsnap 8.4 ms

Snapshot repetition ratge, = 1/trep  14.3 Hz

(i.e. the time required to measure the radio propagation channel for all Tx-
Rx antenna pairs) was seti@hap = 8.4 ms, whereas the snapshot repetition
ratevrep Was set afl4.3 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 shif is limited
to 7.15 Hz, what yields a maximum relative speed between the Tx-Rx vehicles
and the discrete scatterers of only5 km/h. As a consequence, the snapshot
repetition ratesep Of the sounding signal is here definitely much smaller than
the maximum Doppler shiftnax that can be expected in vehicular environ-
ments (typically owing to other traveling vehicles, which are likely to have
much higher velocities), i.e.

e

l/rep > 2 |Vmax| — 2Avmaxz. (21)

In other words, the double Nyquist criterion is not completely fulfilled (itd firs
condition being indeed not respected), such that the temporal beh#vigr o
multipath components stemming from the discrete scatterers will clearly be
undersampled (or, equivalently, will suffer aliasing). The Dopplerrimfation

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 Txand Rx antenna arrays

Semi-spherical antenna arrays were used at the Tx and Rx sidesn{Enaa
arrays consist of6 dual-polarized elements (i.82 feeds), which are arranged

in a spherical geometry [91], as shown in Fig. 2.2. The referencetidineaf

the Tx and Rx antenna arrays was always pointing towards the froneof th
measurement vehicles (i.e.towards the direction of motion of the vehicles).
Polarizations are horizontal and vertical in the Rx antenna array, aténey
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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. fidwe ar
indicates the reference direction of the array.

are slanted at5 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 ectetn
to a discone antenna and was not measured. The discone antenreedidia u
adjusting the Automatic Gain Control (AGC) of the channel sounder. Hence
for further calculations, thé5 remaining antenna elements at the Tx and Rx
sides are selected in order to form the MIMO channel matrix, leading te
N; = 30 x 30 temporal multiplexed channels.

The Tx (resp. Rx) antenna array was mounted on top of a wooden phatfor
on the roof of realistic passenger vehicles, i.e. an Opel Astra (respugeBt
Partner). The antenna arrays were covered with a plastic tarpaulintecpro
them from air streams and rain. The measurement set-up (i.e. the channel
sounders, power amplifiers, batteries and laptops) was placed in the wfink
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 enviraisneemn
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 nu
bers (including polarization information) at the Tx and Rx sides.

Antenna element Tx side Rx side
Polar.™, Polar. * Polar.t 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 thesemménts
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,

e 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-ot5 km/h,
such that the channel coherence is, in the worst case, still largertdhan
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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 betwethand 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, buse
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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(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 frequencyj. 5.3 GHz
Transmit powerPry 36 dBm
Code length M 255 chips

Measurement bandwidtiB1W/ 60 MHz
Sampling frequencyfs = 1/7s 120 MHz
Delay resolutionAr = 1/BW  8.33ns
Snapshot timelsnap 1.632 ms
Snapshot repetition ratee, 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, wiach

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 thimpsev
one.

2.3.1 Parameter set-up

The Aalto channel sounder was again used during this measuremenigampa
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 sath th
tsnap= 1.632 ms, and the snapshot repetition ratg, which is set a66.7 Hz.

The main channel sounder parameters are summarized in Table 2.3.

With these settings, the maximum resolvable Doppler shifk is then of
33.35 Hz, hence yielding a maximum relative speed &0 km/h between the
measurement vehicles and the discrete scatterers. Again, the first conditio
the double Nyquist criterion (as described in Section 2.1) is not fulfillech su
that the Doppler information will similarly be neglected in the following of
this thesis.

2.3.2 Txand 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 tharR
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 by N, x N; = 30 x 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 protsut th
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 previowsly us
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 elgsarib
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, occasiona tgygn
areas covered with vegetation and numerous roadsigns, as shown 6ig.
Medium to heavy traffic conditions were encountered, thus implying possible
obstruction of the LoS component.

However, other scenarios that are more dedicated to specific salitiydre
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 ©).

(&) Tx and Rx vehicles traveling in separate (b) Road crossing scenario.
directions.

(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 frorno 20 km/h, while the
inter-vehicle distance varied betwegh and 30 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-
bandN, x N; matrices, which can be denoted as

H(7y; ntrep)7 (2.2)

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

400 )
G(f;t)= H(r; t)e 92 dr. (2.3)
In that case, note that the frequency resolution is giverisby BW/K (with
K = 510). Furthermore, the total number of recorded snapshottepends
on the duration length of each individual measurement run (which can var
from one route to another).



CHAPTER

Non-stationarity of MIMO
vehicular channels

Real-world vehicular radio propagation channels can change vadhrapwv-

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 shiftss Ao
AOAs, etc. As a consequence, the WSS-US-H assumption can no loager b
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 thentdéuok
Tx side so that it can adapt its transmission scheme accordingly. Neveghele
such adaptive mechanisms are not possible when the stationarity regéons ar
too small, as these statistics would be outdated when fed back to the Tx side
(the current statistics of the radio propagation channel having indesdjed
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 vehiula
dio propagation channel non-stationarities are thus crucial, e.g. foetigrd
optimization of such adaptive wireless communication systems.

For that purpose, Section 3.1 first characterizes the frequencyiraad
dependent behavior of the spatial structure of vehicular MIMO radap-pr
agation channels, which is shown to successfully detect significangeban
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,chase
the amount of change in their spatial structures over both time and freguenc
Then, Section 3.3 assesses the validity of the WSS and US assumptions for
measured vehicular radio propagation channels, while a statistical tdrarac
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,hwhic
governed by the radio wave propagation mechanisms that occur betveeen th
Tx and Rx sides. It is therefore meaningful to characterize the non+saayio
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 Egs. (1.26).270.

This is nevertheless not possible when regarding radio propagatiomelsa

that are varying over both time and frequency. In that case, spatiglaton
matrices have indeed to be calculated over finite subsets, using a sliding av-
erage window within which the WSS-US assumptiom igriori supposed to
locally hold. As depicted in Fig. 3.1,

« The sliding average window spans overfrequency bins and is cen-

tered on the indices; € {1, - - , {Kgi/QJ }, A; corresponding here to

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

« The sliding average window spans ovel snapshots and is centered
on the indices:, € {1,--- , LN’A]?/QJ }, A; 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, asdiéfy
Egs. (1.26) and (1.27), can thus be rewritten as

R ] (ki=D)AF+L  (ke—1)A+M
Rk ki) = 747 > Y G )G ;).
E'=(kp—1)Ap+1n'=(ki—1)Ar+1
(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 &5 = 6 snapshots and = 4 frequency bins,
respectively. The corresponding frequency and time shifts are gt te L /2
andA; = M /2, respectively.

(kf—1)Ap+L (ke—1)A¢+M

. 1
Rex(ky s k) = 7 > > G n)GH(E ).
k/Z(k‘ffl)Ajhi»l n’=(kt71)At+1

(3.2)
The dimensiong/ and L 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 dimengitasd L of the slid-
ing average window, in order to ensure that the spatial correlation magriees
estimated over regions where the statistics of the underlying radio propagatio
channels remain constant. Moreover, note that the elements on the main diag-
onal of the spatial correlation matrix correspond to the average powesr-tra
mitted or received on each antenna, while the off-diagonal elements gve th
correlation between the corresponding Tx-Rx antenna pairs.

Note also that passing from Egs. (1.26) and (1.27) to Egs. (3.1) and (3.2
respectively, relies on the fact that the time-varying TFs are assumecete be
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
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(b) Time-varying PSDs.

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

[95]. In other words, the expected valud & (which corresponds to an ensem-
ble average) can be safely replaced by a time average. Throughothtabis,

this ergodicity assumption will therefore be assumed to always hold (though it
will not be tested). As a consequence, the whole analysis regardinglitigyw

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



Non-stationarity of MIMO vehicular channels 43

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 tther a
timet = 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 times = 0 andt = 9.5 s) as well as atthe end (i.e. between timhes

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 meastirann
width, owing to limited bandwidth of the measurement system as well as the
non-flatness of the frequency response of the PN sequence whisbdsas
transmit signal. Note that this behavior will impact significantly the estimation
of the spatial structure of the underlying MIMO radio propagation chianne
and hence the modeling of its non-stationary behavior over frequencye (mor
specifically on the edges of the measurement bandwidth), as furthessistu
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,testima
for a given frequency = 19.9 MHz. Since the LoS component dominates
over the radio wave propagation, the angular spectrum at the Rx sidénlg hig
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 sidd-exper
ence the same radio wave propagation conditions and are strongly tedrela
Before (resp. after) the two vehicles pass each other, these elemerits ar
cated at the frontside (resp. backside) of the Rx antenna array débée 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 betweentese
antenna configurations occurs exactly when the Tx and Rx vehicleepels
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 differencess) wiiil
suffer simultaneously from the same deep fades. This is typically the case
between timeg = 0 andt = 9.5 s as well as between times= 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 thenwnly n
merous multi-bounced (low-power) interactions with scatterers widely dprea
in the environment between the Tx and Rx sides, what leads to large angu-
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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 componént M = 20.
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(c) Third eigenmode.

Figure 3.4: Frequency-varying eigenmodes of the spatial correlatiompettr
timet = 18 s. The Tx and Rx vehicles are traveling in opposite directions,
with occasional obstruction of the LoS component= M = 20.
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lar spreads at the link end. As a consequence, the received powegaapin
from all possible directions (i.e. the angular spectrum is in that case almost
isotropic), such that the correlation decreases. The spatial corretatibix
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 situatio

On the other hand, Fig. 3.4 shows the variations over frequency of the
eigenmodes associated with the three strongest eigenvalues of the Rk spatia
correlation matrices, estimated at time= 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 approximaiely ¢
stant over the whole measurement bandwidth (excepted on its edges,towing
effects due to the limited bandwidth of the measurement system and the PN
sequence). Note that, although not described here, similar observetiolas
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, vehicula
MIMO radio propagation channels are strongly frequency- and time+t#gnt.
Noticeable variations are observed in their spatial structures, whichecea b
lated to changes that are occuring in the scattering environment suimgund
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 adjacéiat spa
correlation matrices (shifted bgxk; and Ak, in time and frequency, respec-
tively). Indeed, if two spatial correlation matrices are similar enough, theen th
underlying fading process has the same statistical properties (i.e. theydnde
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-depend
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spatial correlation matricéR (k¢ ; k) andR.(ks + Aky; ky + Aky), i.e.

dcorr(kfa Ky ; k’f + Akf; ki + Ak’t) =1- C05(¢)
tr {R(ky; k) R(ks + Aks; ky + Aky)}

= 1 — s
IR(kss5 k)l p IR(kg + Ak ke + Ake)|

(3.3)

where tr{-} and||-|| » are the trace operator and the Frobenius norm, respec-
tively. The CMD is based on the anglebetween the two spatial correlation
matrices that are being compared and can be interpreted as the measeite of th
orthogonality, i.e. how much their respective signal subspaces ovértiss,
pendently on changes in the received power. The CMD ranges beteeen
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), woaild b
required in order to estimate the CMD (i.e. the non-stationary behavior of the
underlying radio propagation channels) as accurately as possiblertNev
less, this is in practice not possible since they have to be estimated over short
sliding average windows over frequency and time (with dimensioaad M,
respectively). As a result, as we do not knaysriori how much the WSS and
US assumptions remain valid, these dimensidignd L have to be chosen
carefully. In the following, we will usd. = 20 frequency bins (i.e2.35 MHz
wide) andM = 20 snapshots (i.€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 thmex
plary route described in Section 3.1.2, when the Tx and Rx vehicles aet-trav
ing in opposite directions (with occasional obstruction of the LoS companent)
Fig. 3.5 shows only the case where the Tx and Rx vehicles are getting
closer one from another (between tintes 0 andt = 23.5 s). Two represen-
tative (equivalent baseband) frequencies are also consideredt itee 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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Figure 3.5: Frequency- and time-dependent CMD estimated at the Rx side.
The magenta cross indicates the frequency and time at which a refepence s
tial correlation matrix was estimated and compared with those estimated at
other frequencies and times. The Tx and Rx vehicles are traveling in ibppos
directions, with occasional obstruction of the LoS componént M = 20
andA; = A; = 10, respectively.
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Figure 3.6: Frequency- and time-dependent CMD estimated at the Rx side as
function of the frequency (left) and time (right) shifts. The Tx and Rx velsic
are traveling in opposite directions, with occasional obstruction of the LoS
componentL = M = 20 andA; = A; = 10, respectively.
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shown in Figs. 3.7(c)} 3.7(d) between times= 10 andt¢ = 23.5 s. In other
words, the spatial structure of the MIMO radio propagation channes doe
change significantly with the frequency shik ;. Spatial correlation matrices
estimated at the frequencigg andky + Ak, 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 sigral fre
guencies), such that interactions with the scatterers located in the sdimgun
environment are almost negligible. On the other hand, when the LoS compo-
nent becomes obstructed, i.e. between times0 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 consequkace
signal frequencies may be affected by different multipath componenth, su
that the spatial structure of the MIMO radio propagation channel cangeha
significantly with the frequency shifh ;.

Besides, variations in the spatial structure of the MIMO radio propaga-
tion channel are much more abrupt over time than over frequency arlokecan
clearly related to significant changes occuring in the scattering envirdnmen
surrounding the Tx and Rx vehicles. Figs. 3.7{a3.7(b) show indeed that a
stationarity region can be identified between times 0 and¢t = 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 timzesl0
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 Frdge) 3
3.7(d). Moreover, the closer the Tx and Rx vehicles (typically when they a
passing one another, e.g. attime instart23.5 s), the faster the spatial struc-
ture of the underlying MIMO radio propagation channel is likely to chamge.
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 represerfegkin
3.7(e)— 3.7().

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 timdasand
t = 23.5 s) or are moving away one from another (between times 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 fac
that the relative orientation of the Tx and Rx antenna patterns can completely
change over time: indeed, when the vehicles are approaching (respngmnov
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away) one from another, antenna elements located at the frontsidel{eesp

side) of the Tx and Rx antenna arrays are facing one another (it weesdglr
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) skift (resp.

Ak,), taken at different time instants (resp. frequencies). Values on tige dia
onal correspond in that case to zero frequency (resp. time) shiftsafhen
spatial correlation matrices are compared to themselves), such that the CMD
is zero. Off-diagonal elements represent the CMD estimated betweeraitljac
spatial correlation matrices taken at distinct frequencies or time instants (the
further from the diagonal, the larger the shifk:; or Ak;, respectively). As

it can be observed, vehicular MIMO radio propagation channels haatias
structures that can experience significant changes within very shoririime
tervals, while they noticeably remain approximately constant over the whole
60 MHz measurement bandwidth. It can therefore be already concluded fr
this examplary measurement route that vehicular radio propagation dhanne
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. whepg- 4
snapshots (i.e0.06 s long) andl. = 4 frequency bins (i.e0.47 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 theoreticadexp
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 dimensions\/ and L of the sliding average window increase,
e.g. whenM = 20 snapshots (i.e0.30 s long) andL = 20 frequency
bins (i.e. 2.35 MHz wide), estimated spatial correlation matrices are
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Figure 3.7: Frequency- and time-dependent CMD estimated at the Rxaide, f
different dimensions of the sliding average window. The two referepatas
correlation matrices were takenfat 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, simge th
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 CMB doe
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 and L 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 betweeoctire a
racy of the spatial correlation matrices estimates (the dimensidrend L

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
dimensionsV/ 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 averag
window, respectively). This is the reason why sliding average windoitfs w
dimensiond. = 20 frequency bins and/ = 20 snapshots are used in order to
estimate spatial correlation matrices, as previously mentioned in Section 3.2.1.

3.2.4 ldentifying frequency and time stationarity intervals

Since the CMD is a bounded metric, indicative threshold values can bediefine
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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Figure 3.8: Stationarity frequency bandwidth for different threshejdsThe

Tx and Rx vehicles are traveling in opposite directions with occasional ob-
struction of the LoS componenl. = M = 20 andA; = A; = 10, respec-
tively.

Stationarity frequency bandwidth

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

Fs(k?fQ kt) = [kf,max(kf ; kt) - kf,min(ka kt)] Af fs (3-4)

wherek s min(ky ; ki) andky max(ks ; ki) are the frequency-varying lower and
upper bounds of the stationarity frequency bandwidth, respectively, i.e

k?f,min(kf§ k't) = arg max dcorr(k?fath kfa kt) > Cf
—kf<Ak;<0

k’f,max(kf§ kt) = arg min dcorr(kffa ki ; kf + Akﬂ kt) > cy.
ogAkfg[KA*fLJfkf

These stationarity frequency bandwidth can therefore be interpretecodrer-
ence bandwidth that would be estimated from frequency- and time-demtende
spatial correlation matrices. In other words, two different frequendi¢lseo
transmitted signal (when taken within the same stationarity frequency band-
width) do experience comparable (or correlated) spatial structure® afrth
derlying MIMO radio propagation channel.
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Fig. 3.8(a) shows the frequency-dependent stationarity frequemay ba
width estimated at timé = 37.5 s using different thresholds; for the same
examplary route as previously. The less restrictive the threshasd the more
sensitive the stationarity frequency bandwidths are to small changes jpethe s
tial structures of MIMO radio propagation channels. On the other hagd, F
3.8(b) shows that reasonable estimates of the stationarity frequenacyidénd
can be obtained for; = 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 matrieests
mated over sliding average windows that are wide enough (Usaumsecutive
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
valuec;, such that

Ts(k'f§ kt) = [k't,max(kf§ k’t) - kt,min(kf§ k’t)] Ay treps (3-5)

wherek; min(ks ; ki) andk, max(ks ; ki) are the time-varying lower and upper
bounds of the stationarity time interval, respectively, i.e.

k’t,min(kf ; k?t) = arg max dcorr(k?fa Ky ; kfa ks + Ak’t) > ¢
—kt<Ak:<0
knmax(kf ; kt) = arg min dcorr(kf7 Ky ; kf7 ke + Akt) > ¢

0<Ake<| X5 |k,

These stationarity time interval can therefore be interpreted as a coberenc
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 MIMibra
propagation channel.

Fig. 3.9(a) shows the time-varying stationarity time duration estimated at
frequencyf = —24 MHz using different thresholds for the same examplary
route as previously. Again, the less restrictive the threstidkl 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 thabredse
estimates of the stationarity time duration can be obtained fer0.2, in good
agreement with what is reported in [47, 48]. Moreover, the jitter is due to the
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(a) Stationarity distance for different threqf») Time-dependent CMD (at frequengy=
oldsct. —24 MHz) and the corresponding stationarity
distance fore; = 0.2.

Figure 3.9: Stationarity distance for different threshalds The Tx and Rx
vehicles are traveling in opposite directions, with occasional obstructithreof
LoS componentL = M = 20 andA; = A; = 10, respectively.

fact that the spatial correlation matrices used for the estimation of the CMD
are estimated over short sliding average windows (using dhlgonsecutive
shapshots 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 distanoee He
stationarity distances can equivalently be defined as

Ds(ky s ki) = v(ke) Ts(ky s k), (3.6)

whereu(k;) is the speed of the vehicles at the time instantHowever, since

the exact vehicles’ speed was not available at each time instant during the
measurement campaigmk;) can be replaced in the previous relationship by
its average value.

3.3 Empirical analysis of the non-stationary behavior

So far, we have shown that the non-stationary behavior of MIMO radipgs
gation channels can be successfully detected and characterizedobatbed
spatial structure. However, only one single measurement route was ow/to n
considered as an examplary case. Hence, this analysis can now beéeekten
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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 bandwidtik ; ;)
varies simultaneously over time and frequency. For that purpose, thaee e
plary measurement scenarios are considered, with different tempoiaaiiiys
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 timé = 23.5 s. The LoS component is obstructed at the
beginning (i.e. between times= 0 andt = 9.5 s) as well as at the end
(i.e. between times = 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 times
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 surrauttaiim x

and Rx vehicles, the smaller the stationarity frequency bandwhiglthy ; ;).
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 frequenciak are
fected by the same fading conditions, such that the stationarity frequendy ba
width Fs(ky; k) spans almost the whole measurement bandwigith- 60

MHz (note that even though the actual stationarity frequency bandwidid co

be much larger, it is upper-bounded by this value). On the other hantlesma
(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 thad@ase
inated by the numerous multipath components stemming from the same scat-
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Figure 3.10: Time-varying PSDs and the corresponding frequencitimue-
dependent stationarity frequency bandwidth, for three differemntasaes in-
vestigated during the Aalto 2009 measurement campaign= M = 20,
Ay = A; =10 andcy = 0.2, respectively.
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terer with different delays, as shown for example in Figs. 3.16(3.10(f).
Moreover, it has to be pointed out that the stationarity frequency bamiwid
decreases abruptly for both low and high frequencies, owing to the limited
bandwidth of the measurement system and the PN sequence.

Table 3.1 summarize§): the 5%-percentile,(ii): the median(iii): the
95%-percentile andiv): the standard-deviation of the stationarity frequency
bandwidthFs(kf ; k;) 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 frequemncinidth
of the sliding average window used in order to calculate the spatial correlatio
matrices. The smallest stationarity frequency bandwidths are found to occu
in the richest scattering scenarios (e.g. in underground parkings tielx
and Rx vehicles pass each other, etc.) with median values adsunt) MHz,
whereas their standard-deviations always remain araGidHz.

Similar observations were reported in [96], where the validity of the US
assumption was assessed by characterizing the amount of changeesver f
guency between consecutive Local Scattering Functions (LSF£d loasthe
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 repiorte
range fromB0 up t0230 MHz (with a measurement bandwidthf0 MHz, 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 thamaiéHz 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 violatdS$he
assumption.

3.3.2 (In)-validity of the WSS assumption?
For wideband radio propagation channels

Fig. 3.11 shows how much the stationarity time durati@(k, ; k;) varies

simultaneously over frequency and time. The different sub-figuresspond

to the same three examplary routes already considered in Section 3.3.1.
As it can be observed, the smallest stationarity time durafi@(¥s; ; k)

are found to occur when the scattering environment surrounding thend'x a

Rx vehicles varies rapidly over time. The spatial structure of the radicaprop

gation channel (and therefore the underlying fading statistics) is then tikely



60 Non-stationarity of MIMO vehicular channels

B " - -25 | ¥ 12
e 65 d I
The Tx and Rx vehicles -20 il T 23 ;X vehicles
pass each other 60 pass eachigger
-15 > 10
55 N -10
< 8
@ 50 2 -5
= s g o
>
g 5 6
3
8 40 g s
35 & 10007] B
30 15
25 20 2
Obstructions of the Obstructions of the
LoS component 4 & 20 25 LoS component
‘ L, o
0 10 20 30 40 [dB] 10 20 30 40 50 [s]
Time [s] Time [s]

(a) Time-varying PDPs for opposite traveliflg) Stationarity time duration for opposite

directions. traveling directions.
0
70 -25 I -.FI 35
05
Obstructions of the 65 20 Obstructions of the
1 LoS component 0 _15 LoS component 30
15 55 e 25
E) s 2 -
T2 é\ o 20
kS 45 5]
Q 25 w© qg)- 5 15
— «— I 10— «—
3
35 15 10
30 20
5
25 25 |
0 20 40 60 80 100 [dB] 20 40 60 80 100 [S]
Time [s] Time [s]

(c) Time-varying PDPs with occasional oftf) Stationarity time duration with occasional

struction of the LoS component. obstruction of the LoS component.
0
i i 70 25 30
05 L4 i 65 20
b { 25
1 ] i 60 -15
-t In st itscion sl * glg : ;Eﬁ!’iﬁ!ﬁiﬁi!‘"“e""“ 20
=, - 50 =
z 4 s 15
[ =1
Q25 40 g
N - [ 10
35 b " 30 s
- if 25
4 Y i
0 10 20 ‘30 40 [dB]20 5 10 15 20 25 30 35 40 45 [5]
Time [s] Time [s]
(e) Time-varying PDPs for different travelin Stationarity time duration for different
directions (NLoS situation). traveling directions (NLoS situation).

Figure 3.11: Time-varying PDPs and the corresponding frequencitimue-
dependent stationarity time duration, for three different scenariostigaeed
during the Aalto 2009 measurement campaifn= M = 20, Ay = A; =10
andc; = 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 o
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 uppkaveasrd
edges of the measurement bandwidth exhibit large stationarity time durations.
In other words, this means that these frequencies are much less setusitive
changes in the spatial structure of the MIMO radio propagation chameetiod

the LoS component (contrary to the frequencies at the center of mesentre
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 T« an
Rx vehicles moving slowly), as this is illustrated in Fig. 3.11(e).

Table 3.1 summarize§): the 5%-percentile,(ii): the median(iii): the
95%-percentile andiv): the standard-deviation of the stationarity time du-
rationTs(ky ; k;) 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 frosri7 up to31.2 m (or, equivalently, fromt.8
up to19.2 s, when the Tx and Rx vehicles are travelingiat 15 km/h) and
its standard-deviation frorm0.4 up to37.5 m (or, equivalently, fron2.5 up to
9.0 s, whenv = 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 betweegucons
tive LSFs, based on the collinearity metric. Mean stationarity time durations
were in that case reported to range from up t02.6 s (i.e. from15 up to
65 m atv = 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 consislered a
holding over the whole measurement bandwifthsuch that multipath com-
ponents arriving at different delays are uncorrelated. Hence,izbeo$ the
sliding average window in the frequency domain can be extended to span the
whole measurement bandwidth, i.e. using= K = 510 frequency bins. The
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Figure 3.12: CDFs of the stationarity time duration estimafgd:;) for all
the environments investigated during the Aalto 2007 measurement campaign.
M = 20, A; = 1 andc¢; = 0.2, respectively.

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

K-1
k=0

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 detected
characterized, hence yielding a better resolution for the identification of time-
varying stationarity time duratiofis(k;).

Table 3.1 summarize§): the 5%-percentile,(ii): the median(iii): the
95%-percentile andiv): the standard-deviation of the stationarity time dura-
tion Ts(k;) 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 duratidhigk; ; k;) and7s(k;) are found
to be relatively close one from another. Though, some discrepangielseca
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 duratiofis(k;) 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
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betweenl0 and40 m (or, equivalently, median stationarity time durations be-
tween4.8 and19.2 s, whenv = 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 otiwr ha
the highway environment provides the largest stationarity time durations, due
to a fewer number of scatterers homogeneously distributed in the envirbnmen
surrounding the Tx and Rx vehicles. Moreover, since the campus dnd su
urban environments share the same characteristics, they provide cbiepara
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 radip{pr
agation channel indicate the same changes in the scattering environment ove
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 freguen
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 stationarityefiey
bandwidth Fs(kf ; k) can be best described using a three-modal Gaussian
distribution, which is defined as

3
flwis pis o) =Y wiN (i 03), (3.8)
i=1

where N (u; ; o;) denotes the normal PDF of thi# mode of the distribu-
tion with meany; and standard-deviation;, andw; the associated weight,
respectively. The parameterization of this three-modal Gaussian distributio
is provided in Table 3.2 for all the scenarios that were investigated during th
Aalto 2009 measurement campaign.

The first mode describes approximat&lys of the overall distribution and
encompasses the smallest stationarity frequency bandwidths. Thessamue
usually found within two sub-bands of approximat8lMHz located at both
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Figure 3.13: Distribution of the frequency- and time-dependent stationarity
frequency bandwidthfs(ky ; k) estimated at the Rx side, for two different
scenarios taken from the Aalto 2009 measurement campaiga.M = 20,

Ay = Ay =10andcy = 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 fregadoc
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) dadneot re-
liably characterize the non-stationary behavior of the underlying MiViflora
propagation channel at these frequencies, and could easily beddiddaom

the modeling (i.e. by investigating the validity of the US assumption over only
the central part of the measurement bandwidth, whi@dis 2 x 3 = 54 MHz
wide). However, this mode can possibly represent ugdté of the measured
stationarity frequency bandwidths in very rich scattering environments (typ
cally when the Tx and Rx vehicles are traveling in separate directionsy unde
deep NLoOS conditions). On the other hand, the second mode charaxtarize
termediate values of the stationarity frequency bandwidth which are typically
ranging from30 to 40 MHz (i.e. larger than thé0 MHz bandwidth of the
IEEE 802.11p standard). This mode corresponds therefore to situatiwme w
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 bandwidtlcs, w
are covering almost the whole measurement bandwith. This correspasitls to
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) an
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Figure 3.14: Distribution of the frequency- and time-dependent stationarity
time durationZs(k; ; k;) estimated at the Rx side, for two different scenarios
taken from the Aalto 2009 measurement campaign= M = 20, A; =

Ay =10 andcy = 0.2, respectively.

represent in all the investigated scenarios al3outo 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(ky ; k¢) can be modeled using a Gamma distribution, with PDF
L1 g =

f(ﬂ:', 9, k) = 07%33 e 9, (39)
whered andk are the scale and shape parameters of the distribution, respec-
tively. The parameterization of the Gamma distribution of the stationarity time
durationTs(k; ; k;) 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 radipaga-

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 pu
pose, as it was shown to successfully detect significant changes icdters

ing environment surrounding the Tx and Rx vehicles, e.g. the (dis)aappee

of the LoS component, when the Tx and Rx vehicles pass one another, whe
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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 freguenc
bandwidths were defined as the local regions in time and frequency onen w
the underlying fading statistics remain constant, respectively. The measure
stationarity distances and frequency bandwidths were approximidtéty40
m long (depending on the environment or scenario under investigatidrlan
to 50 MHz wide (i.e. almost the whole measurement bandwidth), respectively.
Interestingly, note that these values are all in good agreement with thibse es
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 tha 0 MHz bandwidth of IEEE 802.11p radio communi-
cation systems. In other words, the non-stationary behavior of vehiadar
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 gstofe
the scattering environment surrounding the Tx and Rx vehicles. Rich
(resp. poor) scattering environments yield indeed smaller (resp. larger)
stationarity frequency bandwidtts,

» 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 durations/.

Hence, let us consider for example a rich scattering environment thainema
“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 figquen
bandwidths. If now all the scatterers in this environment start moving, tleen th
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 dukng th
Aalto 2009 measurement campaign. For the frequency- and time-dependen
stationarity frequency bandwidth and time duratidn:= M = 20, Ay =

Ay =10 andcy = ¢; = 0.2, respectively. For the time-dependent stationarity
time duration:L = 20, A; = 10 and¢; = 0.2, respectively.

Fo(ky; ke)  Ts(kys ki) Ts(ke)

[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 stigidrequency bandwidthfs(k; ; k) for all
the scenarios investigated during the Aalto 2009 measurement camgaign)/ = 20, Ay = A; = 10 andcy = 0.2,

respectively.

1=1 1=2 =3
w1 M1 01 w2 M2 02 w3 M3 03

Underground parkings o7 197 081 057 3351 1014 036 52.30 1.70
(3 routes)

Road crossings 010 323 174 051 3279 1072 039 5120 2.97
(2 routes)

Urban environment 007 201 090 035 3571 930 058 52.76 1.24
(2 routes)

Opposite directions 0.12 454 287 051 3517 11.36 0.37 5250 1.33
(3 routes)

Different directions 028 1028 575 0.48 36.88 4.43 024 51.85 1.68
(1 route)

Static-to-mobile 021 841 540 040 3603 983 039 5201 1.41
(4 routes)

Same direction (LOS) 9 551 119 048 31.33 10.68 043 5140 2.18
(8 routes)

Same direction (partial NLOS) 1, 459 237 050 31.89 11.91 036 50.62 2.34
(7 routes)
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Table 3.3: Parameters of the Gamma distribution of the stationarity time dura-
tionsTs(ky ; k¢) andTs(k;) for all the scenarios investigated during the Aalto
2009 measurement campaign. Hg(ks; ki): L = M =20, Ay = A; = 10
andcy = ¢; = 0.2, respectively. Fols(k;): L = 510, M = 20, A; = 10 and

¢ = 0.2, respectively.

To(ky; ki) [S] Ts(kt) [s]
ks s [s] ks 0s [s]

Underground parkings 1.26 3.93 133 4.96

(3 routes)
Road crossings 1.29 287 1.47 2.91
(2 routes)
Urban environment 0.93 551 1.00 5.86
(2 routes)
Opposite directions 171 208 211 1.93
(3 routes)
Different directions 151 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)

(7 routes) 1.27 4.43 1.71 3.62
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Table 3.4: Parameters of the Gamma distribution of the stationarity time dura-
tion Ts(k;) at the Tx and Rx sides in all the environments investigated during
the Aalto 2007 measurement campaigh.= 510, M = 1, A; = 10 and

¢ = 0.2, respectively.

At the Tx side At the Rx side
]435 95 [S] ks 95 [S]

Campus 5456 567 354  3.70
(4 routes)

Uban 00 524 105 447
(3 routes)

Sub-urban ) g 4105 192 825
(6 routes)

Highway 5 19 1057 180 1201

(5 routes)




CHAPTER

Stochastic modeling of
non-stationary vehicular channels

As pointed out in the Chapter 3, vehicular radio propagation channeis-are
trinsically non-stationary. The WSS assumption is indeed fulfilled only over
short traveled distances (typically on the orded @fto 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 40 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 norpisotro
antenna patterns at the Tx and Rx sides. As a consequence, the statisfieal
erties of vehicular radio propagation channels can no longer be coedide
constant over any of these dimensions, as it is the case in the alreadygexistin
stochastic radio propagation channel models (TDLs are for exampld base
the WSS-US assumption).

Therefore, this Chapter focuses on the characterization of these tane, fr
guency and space non-stationary behaviors. Section 4.1 first dbestisne-
and space-varying description of the narrowband large- and smidl-schk
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, ove
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 inatstig
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 charsmaisch
stronger over time than over frequency (especially for IEEE 802.1dj ra
communication systems), we focus in the following only on the non-stationary
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statistical characterization of the equivalent narrowband radio patigechan-
nels, as given by Eq. (1.2), based on the data collected during the Aélfo 20
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 fulfited. T
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 aadHor
Tx-Rx antenna pair by low-pass filtering the received power with asliding
average window [97], such that

1 k‘t-i-NLs/Q—l
Skeip) == >, |bkesp)f. (4.1)
Nis n'=ki—Nis/2

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

d
Sis,aB) (ke s p) = Siag) (ke 5 p) — Go,jag) — 10nlogy (d0> : (4.2)

For each Tx-Rx antenna pair, the so-extracted large-scale fadingecanod-
eled as a normally distributed random process with zero-mean and variance
ots g (P)- On the other hand, the small-scale fading can be derived as

h(k¢ ;5 p)

sss(kt ; =T
) =S

For each Tx-Rx antenna link, the envelope of the so-extracted smallfadale
ing can be modeled as a Ricean random process, with K-facigp). K-
factor values close t0 (in linear scale) denote deep (Rayleigh-like) fading
conditions, while larger values yield more coherent fading conditions, ith. w
less variations in amplitude.

(4.3)
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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 pobtluot
different processes (after having removed the pathloss component) , i.e.

h(ke; p) = \/Sis(kes p) - sss(kes p), (4.4)

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

+oo
fi() = /0 feszly) fus () d, (4.5)

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

oo T

f|h|($) = ~fss| = ) fis(y)dy. (4.6)
0 Y Y

Any mixture of distributions can be considered in these relationships for the

characterization of the narrowband received signal envelope. ésuiétrwhen

combining Eqgs. (1.3) and (1.5), the PDF of the composite Rice-lognormal

distribution can be expressed as

fin (@) = /0+OO ifei[KSﬁiQs(iﬂ .

2

0ssY
ss (tn? 4.7)
Io( 2KSS$) L eiqdy
Oss Y/ V2moLsy ’

where Kss andogs are the Ricean K-factor and the energy of the diffuse part
of the small-scale fading, respectively, whereq%§ 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
Eqg. (4.7) reduces to the more severe Rayleigh-lognormal one. Mareove
the limit for Kss — oo (resp. ofs — 0), the small- (resp. large-) scale fad-
ing effects diminish, such that the envelope of the received signal isypure
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 distributionsgthe
order moment of this composite model can be derived as

E{|h(ke; p)['} = E{|Sis(ke; p)|'} E{|sss(ke; p)|'}. (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-achle f
ing (given that they are independent one from another), i.e.

E{Inkes p) | = E{Ists(he; )} = 7. (4.9)

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

1
ots = §logE{\h(kt;p)l2}- (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 indeptonden

from another), i.e.

E{[n(ke; p)[} = E{[Sus(kes p)I} E{|sss(ke; p)[}

121 [
— e2°LS 5 mL1/2 (_KSS) s (411)
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(a) Variance of the large-scale fading. (b) Ricean K-factor of the small-scale fading.

Figure 4.2: Fading statistics extracted after separation of the large- atld sma
scale fading, for one route in the highway environment taken from the Aalto
2007 measurement campaign.

where Ly /» () 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

1,2 1 ™
E{Inlhes p)I} = €27 5[5 Laja (<K

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

: (4.12)

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 éseayTable
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 thhe are
most likely to experience strong coherent contributions dominating over the
radio wave propagation (typically the LoS component). They are therefor
associated with the smallest varianeg’g and the largest Ricean K-factors
Ksfor the large- and small-scale fading, respectively.

More surprisingly, the same behavior can also be observed for TxaRx a
tenna pairs that are completely hidden one from another, i.e. between &demen
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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 tharsoen
investigated during the Aalto 2007 measurement campaign.

Separate modeling  Composite modeling
0fs[dB] Kes[dB] ofs[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 1.25 241 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 251 0.99 241 0.75
(6 routes) 95 % prctile 453 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. 0.76 151 0.90 1.65

located at the frontside (resp. backside) of the Tx (resp. Rx) antemag
(owing to their semi-spherical geometries). Indeed, these Tx and Rxrenten
pairs can experience some coherent contributions as well (even ttieaigbS
componentis in that case obstructed), which are typically stemming from other
vehicles traveling either in front of or behind the Tx vehicle and Rx ones. A
a consequence, slightly larger varianegg and smaller Ricean K-factorsss
can possibly be obtained for the large- and small-scale fading, resggctiv
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 the
hardly have the possibility of experiencing strong coherent contribuiittig
radio wave propagation. In that case, large fluctuations can be ellsiarthe
envelope of their narrowband radio propagation channels, hencéngelte
largest variances?’g and the smallest Ricean K-factals for the large- and
small-scale fading, respectively.
Based on these observations, we can already state that the fadingobehav
is strongly dependent on the geometry of the antenna arrays that dratiise
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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 oveatte

wave propagation). Moreover, Table 4.1 shows that similar values (arsd th
similar trends) can be obtained for the variangg 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 stétyonar
time interval the received power withd@ wavelength sliding window, i.e.

1 m+M/2—-1

Ststhemip) =57 > |hlks ), (4.13)
m/=m—M/2

wherem = kg min(ke)+M/2, ..., ke max(kt) —M /241 is the relative time index
within thekﬁh stationarity time interval, as previously defined in Eq. (3.5). In
the following, the large-scale fading over th¥ stationarity time interval is
denoted as a data set such that

Sis(kes p) = {Sis(ke,m; p),
m = kmmin(kjt) + M/Q, ceny kt7max(kt) - M/2 + 1} .

For each Tx-Rx antenna pair, the large-scale fading can be modeledante
stationarity time interval as a lognormally distributed random process, which
is therefore characterized by a time-and space-dependent vasigyiée; p).

The small-scale fading is then obtained by removing over each stationarity
time interval the large-scale fading from the measured narrowband raxpe p
agation channel, such that

(4.14)

ssd(ke; m; p) = h(m;; p) . (4.15)

Sis(ke; ms p)

For each Tx-Rx antenna pair, the envelope of the small-scale fadingecan b
modeled over each stationarity time interval as a Ricean random process, he
characterized by a time-and space-dependent Ricean K-fagt0¥; ; 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 experienc
different conditions regarding the radio wave propagation (depermdimghere

they are located in their respective arrays). For a same given time instant,
all the Tx-Rx antenna pairs are thus undergoing different conditionthéo
large- and small-scale fading, such that each can be associated witbrardiff
varianceafS and a different Ricean K-factdkss, 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-scaledadin
statistics. Strong fluctuations can indeed be observed in the narrowdand r
ceived signal envelope level from approximately times 10to¢ = 35 s, so
that each Tx-Rx antenna pair is significantly impacted by the large-scale fad
ing. As a result, both large varianceg and small Ricean K-factorKss are
to be reported within this time interval. On the other hand, when the received
signal envelope becomes more coherent (i.e. when it experienceakdss fl
ations), as it can be observed between times0 andt = 10 s, each Tx-Rx
antenna pair is then associated with smaller varianggsand larger Ricean
K-factors K, respectively.

Regions over which the large- and small-scale fading statistics remain ap-
proximately constant (for all the Tx-Rx antenna pairs) can therefomalgle
identified and are approximately delimited (based on a visual inspection) in
Fig. 4.3 by black dashed-lines. This is typically the case between timets
andt = 95 s, when the LoS component is obstructed and the narrowband total
received power level drops by roughly 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 trsathe
tionarity time intervals identified in Section 3.3.2 are strongly dependent on the
variations of the underlying narrowband radio propagation chanredtgia.

Moreover, transitions between two consecutive stationarity regiong-are o
ten characterized by harsh variations in the time-varying behavior of beth th
large- and small-scale fading statistics. This can for example be noticeably ob
served at time = 10 s, when the Ricean K-factor suddenly drops by approx-
imately 8 dB (conversely, the variance of the large-scale fading then suddenly
increases by roughlg dB). In that case, the small-scale fading switches in-
deed abruptly from strong Ricean conditions to Rayleigh (or even “wbese
Rayleigh”) ones owing to changes in the surrounding scattering envimnme
(as it can be also observed from the corresponding envelope oftfuevband
radio propagation channel).



Stochastic modeling of non-stationary vehicular channels 79

Variance [dB]

Total received power [dB]

40

0 20 40 60 80 100
Time [s] Time [s]

(a) Received power averaged over all Tx-Rx (b) Variance of the large-scale fading.
antenna pairs.

Ricean K-factor [dB]

Stationarity time interval [s]

80 100

I

I

I
o 20 20 60 80 100 0 20 w0 60
Time [s] Time [s]

(c) Stationarity time intervals. (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 highwayamnvir
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, wédratee
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 (redtivo
non-stationary radio propagation channels can be investigated. Invathes,
only the average performances of a radio communication system can in that
case be investigated. However, they can definitely not be used in order to
curately predict its instantaneous performances when the fading statistics o
the radio propagation channel vary (sometimes severely) over time.
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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 eac
Tx-Rx antenna pair and over each stationarity interval by means of tha Mea
Square Error (MSE) estimator, which is defined as

MSE(k, ; p) = E{\F(x) .y (x)|2}, (4.16)

whereF'(x) is the empirical CDF of the large- (resp. small-) scale fading over
the kI stationarity time interval, whilé¢”’ () 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 valuessecr
accordingly. Conversely, larger stationarity time durations are found &sbhe
sociated with smaller MSE values (i.e. to more accurate fading statistics), as
the number of samples progressively increases. Such an adaptaeathm
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 dbésn
prove anymore for stationarity time durations larger than approximdtely
(i.e. approximately6.6 m atv = 7.5 km/h). In other words, the stationarity
intervals are in that case large enough so that the underlying fading statistic
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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-statjona
behavior over time is investigated) and spatial (i.e. for each snapshot, their
non-stationary behavior over all Tx-Rx antenna pairs is investigate@bifa

ity, respectively.

Modeling the time-varying behavior of the fading statistics

For each Tx-Rx antenna pair, the non-stationary behavior of the fatlig-

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 coherénit con
bution that dominates over the radio wave propagation (typically when there is
a LoS component between the Tx and Rx vehicles), what corresposnsatb
variances and large Ricean K-factors for the large- and small-scaiwgfad-
spectively. Conversely, the other mode describes situations whereatieene
strong contribution that dominates over the radio wave propagation (typically
when the LoS component is obstructed), what corresponds theteftznger
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Figure 4.6: Fitted bi-modal Gaussian distribution of the time-varying large-
and small-scale fading statistics for two different Tx-Rx antenna paspee
tively.

variances and smaller Ricean K-factors, respectively. The weighte afish
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 smdk-sca
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
variances?s (k¢ ; 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 antersetsub
each parameter of the bi-modal modal Gaussian distribution can be modeled by
means of a Gaussian distribution. As a consequence, the spatial distribution
the bi-modal Gaussian distribution parameters (i.e. taken over all possible Tx
Rx antenna pairs) is given by a three-modal Gaussian distribution (edish of
mode characterizing a different subset of antenna elements and indicating
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much the corresponding Tx-Rx antenna pairs experience either Logas N
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-factorK'ss(k: ; 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 varianegs(k: ; p) and the Ricean K-factor
Kss(ke 5 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 experiencg streang
coherent contribution (since they are in LoS situations, with effectivelg& L
component between the Tx and Rx sides), with Ricean K-factors i ¢B

and variances of the large-scale fading arourdB. Though, note that these
antenna pairs can also undergo no strong coherent contribution indiee ra
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 arotiai.

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 ti§réac
not much larger thaf dB (and possibly as low as25 dB) and variances of
the large-scale fading ranging betwexand5 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)

ots(ke; p) Kss(kes p)

N — M/2
Ay

where kt:{l,---,{ J} and p={1,---,N; x Nt},

Temporal characterization

A\ 4
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 NL0S)

ols(ke: p Zw 2 ( 9 (p); o) (p)>

LS LS

Kss(ke; p) ZwKss ('ug?ss( ); U%)ss(p))

Spatial characterization

v
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 antenn@} facing one anothexji):
looking in different directions ofiii): hidden one from another)

3
D)~ W) N (uéj); gg(g)> where z € {w, y1,0}

* € {0-387 KSS}

-

Figure 4.8: Procedure for the stochastic characterization of the time- and
space-dependent non-stationary statistics of the narrowband |ladyerzall-
scale fading.




Stochastic modeling of non-stationary vehicular channels 85

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. As
consequence, they exhibit low Ricean K-factors (typically ranging franto
2 dB) and variances of the large-scale fading betwzand4 dB.

The procedure for the non-stationary time- and space dependerastioch
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 wileban
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 b
considered as fading independently from the others. Hence, thelatoomary
characterization of wideband radio propagation channels can be cedds-

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 Section
3.3.1and 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 leienes
t = 8 andt = 28 s (but also between times= 85 and¢ = 95 s) or for lower
Ricean K-factors between times= 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 arouded 10 dB (and can go up tb4
dB) and are generally obtained when there is a strong LoS componenepetwe
the Tx and Rx sides. Though, this is not a sufficient condition, as shofigin
4.9(c) between timels= 74 andt = 82 s. Indeed, the Ricean K-factor is found
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Figure 4.9: Frequency-, space- and time-varying Ricean K-factorthfee
different scenarios investigated during the Aalto 2009 measurement tgampa
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to drop in this case by approximatelydB, 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 emardn

so that more multipath components are arriving at the Rx side. In that case,
the diffuse component of the received signal becomes more significéms in
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 ov
the radio wave propagation, as shown for example in Fig. 4.9(e) wherxthe T
and Rx vehicles are traveling in separate directions from tiree 18 s until
the end of the measurement run. Typical Ricean K-factors are thendgdou
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 theurea
ment bandwidth. For example, Fig. 4.9(e) shows that the Ricean K-faator ¢
typically fluctuate by approximately0 dB between frequencies taken at the
center and at the edges of the measurement bandwidth (the Ricean Kafacto
the center of the measurement bandwidth being always larger than atéts edg
This behavior is particularly emphasized when there is a LoS component be-
tween the Tx and Rx sides, as it the case between times) and¢ = 18s.
However, this is much less evident when the LoS component is obstructed,
since the Ricean K-factor varies then by orlyor 2 dB (in maximum) be-
tween the center of the measurement bandwidth and its edges. Morever, e
though each frequency bin exhibits Ricean K-factors that can be seymifjc
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 alléreq

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 ovei0aViHz
frequency bandwidth, they are found to remain approximately constant ov
narrowerl0 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 fogquen
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 oretagve
orientation between the Tx and Rx antenna arrays. Indeed, when thedTx a
Rx vehicles are traveling in the same direction (the Tx one being ahead of the
Rx one) between timels= 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 Rxvaate
located at the frontside of the array) than for ones hidden one frothan(.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. Hogweve
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 deef N
situations (owing to the geometries of the antennas arrays) or a richeriscatte
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 approac
ing, the largest Ricean K-factors are obviously obtained for Rx anteleia
ments located at the frontside of the array (i.e. looking towards the diredtion o
motion). After they passed one another, the largest Ricean K-facetbem
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 belexd
using a bi-modal Gaussian distribution, characterizing either

« Small Ricean K-factors, which can be obtai@d when the LoS com-
ponent between the Tx and Rx sides is obstructed(@ndn 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 situati@nswhen
there is a strong LoS component between the Tx and Rx sidegiand
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 Rikean
factor corresponding to these two states as well as the respective fittextiai-
Gaussian distributions. Moreover, Fig. 4.10(b) shows that the Ricefatir
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Figure 4.10: CDFs of the time-dependent Ricean K-factor and the paimds
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 cha all
considered as different realizations of the same random processRigéan
K-factor estimated for all frequencies can therefore be used for thiegsin
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-setsxof R
antenna elements, i.e. locai@d at the frontside(ii): on the sides anii): at

the backside of the antenna arrays, for all the environments investigated d

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 travelin
in opposite directions). Otherwise, all the other investigated environmetts an
scenarios show equivalent amount of large and small values for tharRiGe
factor, whatever the orientation of the Tx-Rx antenna pairs. This is dueto th
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fact that the LoS component was possibly intermittently obstructed for some
measurement routes (depending on the traffic conditions during the raeasur
ment runs, since other vehicles can for example come between the Tx and
Rx vehicles, etc.). Moreover, the richness of the scattering environcoeid

also have varied significantly, even within the same measurement run, owing
to the traffic conditions, the nature of the scattering environment surirogind
the Tx and Rx vehicles (e.g. the presence of urban furnitures, of bgddof
parkings, etc.). Hence, there are no clear distinction between the twoatates
the bi-modal Gaussian distributions (i.e. for the presence, or not, of Bgstro
coherent contribution dominating over the radio wave propagation), asit c
also be observed from the large standard-deviations of the bi-modak@au
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 symbots/eslap,
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 represeredtion
1.6. As a consequence, each of these two TDL models correspondsvena gi
RMS delay spread, which is specified to be either low (i.e. ar@michs) or
medium (i.e. around pus). 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 sprdimceis
varying and its fluctuations have therefore to be characterized.

Data pre-processing

The RMS delay spread was estimated using Eqg. (1.17) from PDPs aglerage
over a40 wavelength sliding window, in order to filter out the small-scale fad-
ing. Moreover, a noise threshold was applied to remove spurious naise co
tributions that could be mistaken for multipath components. For that purpose,
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this threshold was s&tdB 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) &f [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 preineusly
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 tintes 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 increaséf$ sig
cantly. These two effects can for example be observed in Fig. 4.111{sl¢be
timest = 30 andt = 65 s and in Fig. 4.11(f) between timeés= 0 and¢ = 10
s, respectively.

Moreover, the RMS delay spread is strongly dependent on the relation or
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 delagdsizre
higher for Tx-Rx antenna pairs hidden one from another (i.e. for Reran
nas located at the backside of the array) than for ones facing onecaiioth
for Rx antennas located at the frontside of the array). Furthermdes,the
Tx and Rx vehicles pass one another, the highest RMS delay spresitiear
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 tw
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responding fitted bi-modal Gaussian distributions.

modes characterize therefore small and large RMS delay spreads;tiesiy.

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 fitte
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 asddfor
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 offRx a
tenna elements, i.e. locatéi: at the frontside(ii): on the sides angjii):

at the backside of the array, for all the environments investigated during th
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 situationgysalwa

in non-negligible proportions.

The lowest RMS delay spreads are obtained in road crossing sceoarios
when the Tx and Rx vehicles are traveling in opposite directions, since there
were only very few scatterers in the surrounding environment and aimoost
traffic at all during these measurement runs. These lowest RMS delegdsp
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 thedhm-
ponent). Though, such values can also be obtained for Rx elementdlatate
the backside of the array, typically when the Tx and Rx vehicles are trgvelin

in opposite directions and after passing one another, so that theseaatenn
ments can then experience the LoS component. On the other hand, the highes
RMS delay spreads are obtained in richer scattering environments, typically
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 stoahasliting
of MIMO vehicular radio propagation channels was provided. The laagd
small-scale fading statistics were first extracted from narrowband Jahicu
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 sdinau
Tx and Rx vehicles (e.g. abrupt transitions between LoS and NLoS sitaation
etc.), and can therefore not be neglected in the realistic modeling of vehicula
radio propagation channels. On the other hand, the WSS assumption lie unab
to describe this dynamic behavior (nor the extreme values that can be taken b
the fading statistics) and was found to characterize only the averagedesbfa
radio propagation channels. This non-stationary stochastic modelingaaybpr
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, o
not, of a strong coherent contribution in the radio wave propagationhisic
usually the LoS component) and space (each mode describing a giviagueon
ration of Tx-Rx antenna pair, given the semi-spherical geometry of tiemaa
arrays used during the measurement campaigns), respectively.
The first- and second-order statistics of the radio propagation chéremel
on one hand the Ricean K-factor, the variance of the large-scale fadahgn
the other the RMS delay spread) were found to be strongly dependéit on
the presence (or not) of a strong LoS component that dominates ovadibe r
wave propagatior(j): the richness of the scattering environment surrounding
the Tx and Rx vehicles, an(ii): the relative orientation of the Tx and Rx
antenna arrays (including the impact of their radiation patterns).



CHAPTER

Geometry-based stochastic
channel modeling

As seen in Chapters 3 and 4, vehicular radio propagation channeldramne in
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 properaestitere-

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 cHanod-
els. However, this is not the case of the classical TDLs that are usedtl |E
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 propagataameh
[73, 99], by modeling separately each multipath component (as it has wlread
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, namelg): 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 domair(ianhddif-

fuse scattering, which consists in numerous low-power contributionfiresu
from multiple scattering or diffraction processes that can not be assobuidte
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 antenns, link
so that all the most significant discrete scatterer contributions are taken into
account, with a Signal to Noise Ratio (SNR) high enough, and can theredor
reliably detected. For that purpose, we used a search-and-sytrivaetiure,

very similar to the CLEAN-based one originally proposed in [100] and later
refined in [73, 101], whose different steps can be summarized as follow

» 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 outputof th
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 leas6é dB above the noise level can be identified.

All the discrete scatterer contributions are assumed to have been cajpyured
the extraction procedure, so that the remaining “cleaned” IRs consist-in d
fuse scattering and noise only. Fig. 5.2 shows the different discretieimza
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-valfgig
can then be expressed according to Eqg. (1.7), such that

P
h(7;t) = hios(nos; t) + Y hy(7p; t) + ha(7 5 1), (5.1)
p=1

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

hp(7p§ t) = ap(dp)ej%ypt

X 5(7 — 7,)8(Q — Q1xp)3(2 — Qruy), (5.2)

whered, = c - 7, (with c the speed of light)y,, Q1y, and Qry, 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), resplgctihe
complex amplitudes,(d,) is modeled using a classical fading model, as given

by Eq. (1.2), since it may consist of several unresolvable paths (iigingr

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-indgexy 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 charamteris
of real-world vehicular radio propagation channels.

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

« The Tx and Rx vehicles are traveling at constant speegdsand vry,
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 spegdsallel
to the Tx and Rx vehicles, without further traffic modeling,

< Only single-bounced reflections are considered, as they have deea f
to be the most significant propagation mechanism in vehicular radio
propagation channels [34, 73].
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Figure 5.3: Simplified two-dimensional geometry of the scattering environ-
ment for the modeling of the radio wave propagation. The green cragsgs (
red squares) correspond to discrete static (resp. mobile) scattenerarrows
indicate the direction of motion of the vehicles (adapted from [73]).

As a consequence, the time-variant propagation dgldgr, equivalently, the
propagation distancé,) and Doppler shift, of the discrete scatterer contri-
butions can be determined by the simple geometry relationships

Tp = Thx—p(t) + Tp—Rx(t)
1 (5.3)
Vp = X [(v1x — vp) €08 Qrx p + (VRx — Vp) €OS QRyp) -
Similar relationships can also be derived for the LoS component, by reglacin
the sub-index by LoS. The number of discrete static (resp. mobile) scatterers
in the simulated environment is given by the density, (resp.x,.=). 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, ; ~ U(x 4 min, Td,max)
andy, 4 ~ L~ 3°[ N(pay, €4) L denotes here the number of strips
of discrete scatterer contributions:= 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 Nianes - 4 2 4 7
parameters  Wiane [m] 2.75
Scatterer Xps M7 0.12 0.13 0.12 0.10
densities Xpom [M™']  0.03 0.05 0.03 0.08
Scatterer Ho/d [m] 4.80 5.26
“birth/death” &, /4 [m] 0.78 0.99
Hd,i=1 [m]
Static discrete g =2  [m] +(Nianes/2 + 1) Wiane
scatterers g =3 [m] - - - 0
&a [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 they-coordinates are drawn from a discrete uni-
form distribution (with a number of outcomes equal to the total number
of lanesNanes €ach of widthiane). Furthermore, they are assigned a
(realistic) constant speed along thaxis, 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 by
lognormal distribution with meam;,,; and standard-deviatio§, 4, 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 contributios

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

Eqg. (1.2), such that [73]

A .
a, = Ppl/2 gpe??r . (5.4)
——
1) 2)

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

1. The time-varying average power of the discrete scatterer conibu-
tion. It is obtained by low-pass filtering the amplitufde (dp)\2 with a
40 sliding-average window [97], assuming that the Tx and Rx vehicles
are traveling with an average speee- 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

P,
101logq TZS = —[Lop + 100, logg (dp) + S, , (5.5)

whereL, = Lg, + 10n,log;, (dp) andS, correspond to the (distance-
dependent) pathloss and the (stochastic) large-scale fading, respecti
As a result, a pathloss exponent > 0 and the corresponding pathloss
reference powek, , > 0 were extracted for each discrete scatterer con-
tribution, as well as a number 6, values.

Over all the extracted discrete scatterer contributions, the pathloss ex-
ponentn,, is found to be uniformly distributed, i.en, ~ U(0, nmax)-
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Figure 5.5: CDFs of the large-scale fading coherence distdpgéor the
discrete scatterer contributions in the (H) and (CUS) environments.

Moreover, Fig. 5.4 shows thdl, , can be modeled such that
LO,p ~ 1077/\0 10g1o (E [dp]_np) + Ao, (56)

whereA is a Gaussian random variable with megag, and standard-
deviation&,,,. For the LoS component, the exponeibs 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 fadijgs modeled (in the dB
scale) by a Gaussian random process, with autocorrelation functipn [73

rp(Ad) = Jg;pe*logQ(Ad/dc*P)z, (5.7)

whereo s, andd,. , denote the standard-deviation and @kiecoherence
distance of the Gaussian process, respectively. Fig. 5.5 shows that
the coherence distaneg , is lognormally distributed (with meap.

and standard-deviatiaf)), whereas the standard-deviatieg,, is log-
correlated withd,. ,,, i.e.

logosy ~ nglog (dep) + Kg, (5.8)

whereK s denotes a Gaussian random variable with mea#s- log os
and standard-deviatiafy,



Geometry-based stochastic channel modeling 103

Table 5.2: Number of “valid” discrete scatterer contributions (and routes)
the environments investigated during the Aalto 2007 measurement campaign.

Campus Urban Sub-urban Highway
10 (4) 13 16 (6) 67 (5)

2. The time-varying small-scale fadingg,e’?». It corresponds to the out
filtered signal when using th&) ) sliding average window. Its envelope
gp is a white process over time that can be modeled using the flexible
Weibull distribution.

Its shape parametet, is found to be Gaussian distributed (with mean
1z and standard-deviatiafy). Moreover, since the average power of the
small-scale fading is normalized to one, its scale paramsgfes then

deterministically given byy, = 1/,/I'(1 4+ 2/,)). On the other hand,
the phase, is uniformly distributed fron to 27.

Regarding the parameterization of the discrete scatterer contributions td ha
be noted that only contributions spanning over sufficiently large distaarees
used for the extraction of reliable distance-dependent pathloss paraitibée
other ones being discarded). Using the same criterion as in [73], thdiveela
distances have indeed to be such {la@fmax— dp.min) / (dp,max+ dp,min) > 0.1.
Moreover, discrete scatterer contributions with pathloss parametersothat d
verify the conditions associated with Eg. (5.5) are discarded as they would
introduce unrealistic propagation effects (i.e. with either negative patbiess
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 pteesme
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 “walfs” d
fuse scatterers located on the roadsides, a purely stochastic apjgronoken
here, so that

ha(r5 1) =y (75 1) ga(r)el®, (5.9)

—_—
1) 2)



104 Geometry-based stochastic channel modeling

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 Exponent, Tmax - 3.00 3.05

Reference pathloss, , MAg - 116 111

i, [dB]  71.83 79.20
€, [dB] 7.37 576

Exponentnqs - - 1.80
Reference pathloss | os - [dB] 0

Large-scale fading Coherence distargg Lhe [m] 0.44 031
& [m] 0.74 0.58
Standard-deviation g ,, ns - 0.56 0.38
os,o [dB] 232 232
s - 025 0.27
Small-scale fading Weibull shape parametgr s - 205 1.97
s - 0.20 0.20

v where the two processes are, respectively

1. The time-varying large-scale power),(7; t). It decays exponentially
(in the dB scale) in the delay domain, as shown in Fig. 5.6, i.e.

0, T < Ty
Ya,aB) (75 ) = Va0 + { (Va1 — Ya0)/2, T=14, (5.10)
(a1 — ap)e Balr=m) 7> 1y

whereyq 1, Y40, Bg and7,; are the maximum power, noise level, decay
factor and base delay of the diffuse large-scale power, respeciialy
model was first proposed in [102] for the description of the diffusestarg
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 poyver

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

Va1 ~ Yo, + 10ny 1 logyg (dLos) + V1, (5.11)
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Figure 5.6: Exemplary diffuse large-scale power and the corresppihetst-
square estimate in the (H) environment.

whereV is an exponentially correlated Gaussian random variable with
zero-mean, standard-deviatiégn ; and0.5-coherence distanegy 1, re-
spectively. The noise level; o of the diffuse scattering is modeled sim-
ilarly, by replacing the sub-indekby 0 in Eq. (5.11). The two Gaussian
variables¥, and W, are also correlated, with coefficie(¥(, ;). The
decay facto3, is found to increase exponentially with the diffuse peak-
to-noise ratio, such that

log By ~ log (e(wdﬂl—wdﬁo)/@ - 1) + Kp, (5.12)

where K g is a Gaussian random variable with megagn = log By and
standard-deviatiogz. Finally, the base-delay, of the diffuse large-
scale power is found to be highly correlated with the delay of the LoS
component, such that

T4 = To + 17 TLOS. (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.e2.5 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 thatan be
negative.

2. The small-scale fadingyy(7)e’?. Its envelope can be modeled for each
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delay by the flexible Weibull distribution, with shape parameig(r),
whereas its phasg; is uniformly distributed betweetand2r.

Fig. 5.8 shows that the shape parameigrcan be described using
the same model as the one given by Eqg. (5.10), with a parameter set
05 = [81 Bo Bs 7s]. Note thatrz can also be defined with respect to
the delay of the LoS component, such that= 7 os + A7g. A Gaus-

sian random variable with zero-mean and standard-deviggiamas 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 increasesgi,e 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 powey; | 0,1 [dB] 7.93 0.41
w1 - -203 -1.80

v [dB] 11.07 11.29

dy 1 [m] 6.93 5.73

Noise level), o Yd.o [dB] -37.51 -29.49

w0 - -1.80 -2.07

Ev.0 [dB] 5.82 5.36

dy o [m] 12.34 11.38

(W, Uq) - 0.56 0.43

Decay factorB, VB [dB] 25.02 26.10

By [MHz] 1494 15.12

éB - 0.32 0.41

Base delayry To [ns] -28.64 -26.64

M, - 1.00 1.00

Small-scale fading Shape parametgr 51 - 1.10 1.04
Bo 2.01 1.94

Bs  [MHz]  1.34 130
Arg [ns]  -15.41  24.00

&a - 0.26 0.26
Scale parametet, Lo - 1.31 1.29
€a - 0.26 0.24

7 — 00). On the other hand, the scale parametgris found to be
Gaussian distributed, with mean, and standard-deviatiaf, .

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

Parameter sets; = [¢)q.1 40 Bq 74 Witha maximum powet, ; larger
than the discrete peak power were discarded, since the detection ofdtretalis
scatterer contributions would then not be possible. All the parameterseor th
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) resolutigp(resp. Ar) as well
as the total time duration and delay range of the simulation (i.e. the
numberV and K of snpashots and delay bins, respectively),

. Specify the initiak- andy-coordinates of the Tx and Rx vehicles as well

as their velocitiesrx anduvry. Generate discrete static (resp. mobile)
scatterers, with density,, ; (resp.xy.») and assign them (initiak- and
y-coordinates (as well as velocities for the mobile ones),

. 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 tleaxis only, for the Tx and
Rx vehicles as well as for the discrete mobile scatterers),

. Estimate at each time instant the propagation distahc¢he AoDs

Q1x,p and A0ASQRy, 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,

. Draw pathloss, large- and small-scale fading statistics for the LoS com-

ponent and each discrete scatterer contribution, given their respectiv
propagation distanceé, (or dios), 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),

. Draw diffuse large-scale power (resp. diffuse small-scale faditads-

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 veersid:

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 spreatis @f and63.99 us are
found to be in pretty good agreement with the measured onés.8% and

59.82 us in both the (H) and (CUS) environments, respectively. Moreover,
the Root Mean Square Errors (RMSES) between the measured and stmulate
CDFs in these two environments are2036% and5.94%, respectively.

First-order statistics of the equivalent narrowband channel gén

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)@Qu&)
environments. Indeed, the measured and simulated distributions match pretty
well in terms of median, with a difference 6f59 and1.70 dB in the (H) and
(CUS) environments, respectively. Moreover, the RMSE between the mea
sured and simulated CDFs in these two environments at&©¥ 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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Level crossing rate

The Level Crossing Rate (LCR) characterizes the dynamics of the aequiv
lent narrowband radio propagation channel over time. It is estimatedifsom
large-scale variations only, since the small-scale fading process of tiretdis
scatterer contributions can be undersampled (they can indeed exhilgtedbop
shifts larger than the maximum resolvable apgy, 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 wittDa 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 propaga#ion ch
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 betw
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 diredtly us
for its parameterization. Moreover, the comparison between the measuted a
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 extemsa
surement campaign conducted in different environments. Such an modeling
approach appears to be particularly well-suited for the modeling non-saagion
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radio propagation channels, since each discrete scatterer is definetland
acterized separately. Indeed, the radio wave propagation is modeleacfor e
discrete scatterer contribution based on the assumption of single-bogced
flection processes, leading therefore to a simplified geometry with lower com-
plexity than ray-tracing methods. On the other hand, the scattering aspects a
described stochastically using a classical fading model. Besides, theediffu
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 componengihs w
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, siich tha
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 pr
cedure based on another measurement data set (in terms of investigated en
ronments and scenarios, antenna arrays used at the Tx and Rx gideA®

a consequence, the proposed GSCM approach corroborates tihempsr 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 ithe in
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 g
eralized to MIMO systems, by considering appropriate antenna patterns.






CHAPTER

Conclusion

Summary of my contributions

Up to now, classical cellular wireless networks have been designed base

a stationarity assumption, which consists in saying that the statistics of the
underlying radio propagation channels do not change neither over time no
frequency nor space. Most of the algorithms that are currently usibe dix

and Rx sides are designed under this assumption of stationarity, espesially r
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 propagatio
channel over which the signal will be transmitted [27, 92, 93, 94]. Hewev
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 doar to ne
radio propagation channel models, that would describe this specifiadeatu
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 establis
appropriate models. For that purpose, two measurement campaignsomere ¢
ducted in collaboration with Aalto University in 2007 and 2009, respectively
Different environments and scenarios that are very specific to vehiad#
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, respectivel\gptial
structure of the MIMO radio propagation channel was shown to be dubjec
to significant changes due to the dynamic scattering environment suingund
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 propagatio
channels. Using appropriate threshold values, stationarity regionstiare
identified in both time and frequency (over which the WSS and US assump-
tions locally hold, respectively). Typical stationarity distances and fequ
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bandwidth were estimated to be approximatilyto 40 m long (depending

on the environment or scenario under investigation) €htb 50 MHz wide

(i.e. almost the whole measurement bandwidth), respectively. Henca,lbieca
concluded that US assumption is not violated within theMHz 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 @opag
tion channels was considered over time, frequency and space, tieslyec
The large- and small-scale fading statistics were first extracted frorovmarr
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 surroundingd'x an
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 temporalibehav
of non-stationary radio propagation channels. This non-stationarjiagtc
modeling approach was later extended to wideba@@d\MHz) vehicular ra-
dio propagation channels, for which it was applied on a per frequergig.ba
Moreover, multi-modal Gaussian distributions were used in order to repres
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 compoaént th
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 differentsstate
were considered, each corresponding a given configuration d®xTx-
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 defihetianmac-
terized: the radio wave propagation was indeed modeled using very simplified
ray-tracing methods, while the scattering aspects were described stoalhas
using a classical fading model. A purely stochastic description of the diffus
scattering was also included in the GSCM, which has a definitely much lower
complexity (for simulation purposes) than the “walls” of diffuse scatterexs th
are used in [73]. Moreover, the proposed GSCM approach was ctatygba-
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 itselinbut s
ply the first step when building wireless communication systems.

10°
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Figure 6.1: Bit error rate performances of IEEE 802.11p wireless cormmun
cation systems obtained for different radio propagation channel madeds,
highway environment.

Fig. 6.1 shows a representative example of the benefit that can beeckpec
when taking into account the non-stationarities of the vehicular radio gespa
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tion channel in the evaluation of the IEEE 802.11p physical layer perfocma

As it can be observed, the GSCM that we proposed in this thesis outpearfor
the TDLs that are used in the IEEE 802.11p communication systems, such as
the International Telecommunication Union (ITU) radio propagation channe
models (A) and (B) which rely on the very restrictive WSS-US assumption,
regarding the prediction of the achievable system performances (iresatrc
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 raitip-
agation channels is therefore absolutly crucial. Three different casebe
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 stafissics
done in Chapter 4),

 Off-line emulators, in order to design and/or valid@je (parts of) IEEE
802.11p based communication system§i@ir dedicated algorithms for
such systems. In that case, we require models that are able to reliably
reproduce real-world radio propagation channels (especially riegard
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 spatiad-str
ture of the underlying MIMO radio propagation channel is available ah eac
single time instant (whether it be in the past or in the future). Regarding real-
time applications, the procedure (as previously described in Chapteri®tcan
be used directly as such, since the future behavior of the radio priogaga
channel is unavailable and has therefore first to be somehow predictaa,

as accurate manner as possible.

What's next?

The analysis of the non-stationary behavior of vehicular radio prdjmmga
channels opens the door to different open questions that could besaddr
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 ug (sinc
the last few years), and a lot of groundbreaking work is therefotédefo.



APPENDIX

Parameterizing the narrowband
fading statistics

This Appendix provides the complete parameterization of the three-modat Gau
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
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

Digsalp) -

1=1 1=2 i1=3
w1 ﬁl o1 Wo ﬁz o2 @3 M3 83
Campus 49 004 002 032 011 005 030 057 0.20
(4 routes)
urban — 5.9 004 002 055 018 009 017 039 017
(3 routes)
Sub-urban

057 0.08 004 031 020 0.07 012 0.38 0.15
(6 routes)

Highway 043 007 004 026 017 0.07 030 046 0.18
(5 routes)

The weight of the distribution second mode can be obtain@m‘,ﬁsss(p) =1- a;;gs(p).
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Table A.2: Estimated parameters of the bi-modal Gaussian distribution for

~(1
M%ls(p)-

1=1 7 =2 1=3
w1 1 01 W H2 P w3 i3 o3
Campus s 33 5458 166 032 -1631 4.65 034 -1.82 2.90
(4 routes)
Uban /e 2534 152 029 -18.04 431 026 -3.64 4.11
(3 routes)
Sub-urban o> 5475 150 031 -1659 573 007 2.83 0.89
(6 routes)

Highway 33 2458 1.66 032 -1631 465 034 -182 290
(5 routes)

Table A.3: Estimated parameters of the bi-modal Gaussian distribution for

ﬁgis(p)'

1=1 7 =2 1 =3
W fi1 o1 W Tho o2 W3 i3 o3
campus s oo 051 070 038 195 093 007 577 1.19
(4 routes)
uban 1 042 083 045 139 101 015 224 2.48
(3 routes)
Sub-urban o 566 062 040 012 051 013 4.36 1.86
(6 routes)

Highway 650 041 070 043 151 083 007 630 0.90
(5 routes)
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Table A.4: Estimated parameters of the bi-modal Gaussian distribution for

~(1)

UKss(p)'
i=1 i =2 =3
W fi1 01 W T P W3 i3 o3

Campus - 46 53> 104 027 558 1.35 027 9.60 153
(4 routes)

Uban = 5y 357 113 023 611 1.21 022 936 148
(3 routes)

sub-urban o g 307 086 025 498 121 018 928 151
(6 routes)

Highway 45 251 106 020 506 118 022 977 174
(5 routes)

Table A.5: Estimated parameters of the bi-modal Gaussian distribution for

~(2)

UKss(p)'
i=1 1 =2 1=3
w1 fi1 01 W T P W3 i3 o3

Campus 4> 186 037 039 225 054 018 270 116
(4 routes)

Uban = o8 191 049 050 253 046 022 311 085
(3 routes)

sub-urban 6 443 041 062 290 038 028 335 0.65
(6 routes)

Highway 5 144 062 055 263 052 024 279 093

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

~(1) 2
wgfs(p)
1=1 =2 1=3
w1 73 o1 W fi2 2P Ws H3 O3

Campus 5455 049 015 038 071 008 024 088 004
(4 routes)

uban .7 041 014 041 066 008 042 082 005
(3 routes)

Sub-urban 11 534 010 051 058 009 039 065 0.10
(6 routes)

Highway )12 046 015 035 070 009 047 086 0.07
(5 routes)
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Table A.7: Estimated parameters of the bi-modal Gaussian distribution for

1=1 =2 1=3
w1 73 o1 W fi2 2P Ws H3 O3
Campus 5 ;1 095 012 036 114 014 023 149 025
(4 routes)
Uban 7 089 010 032 120 017 021 161 0.23
(3 routes)
Sub-urban o9 593 010 019 1.05 016 022 1.62 0.21
(6 routes)

Highway 057 105 0.09 029 141 014 014 184 0.18
(5 routes)

Table A.8: Estimated parameters of the bi-modal Gaussian distribution for

~(2
uf,g)s(p)-
1=1 1=2 =3
w1 ﬁl o1 Wo ﬁz 2P (33 13 33

Campus g9 155 013 046 202 042 021 272 057
(4 routes)
uban — 540 179 029 051 213 036 018 253 0.54
(3 routes)

Sub-urban 9 188 026 031 201 020 020 298 036
(6 routes)

Highway 061 182 024 026 286 041 012 397 0.63
(5 routes)
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Table A.9: Estimated parameters of the bi-modal Gaussian distribution for

'3 ().
LS

=1 1=2 1=3
o1 i 01 Wo 112 02 W3 H3 03

Campus 459 021 003 028 031 006 042 032 0.2
(4 routes)

uban 555 024 002 049 029 009 020 040 0.1
(3 routes)

Sub-urban 4 35 532 008 039 032 003 026 055 0.10
(6 routes)

Highway 474 026 008 008 041 002 018 047 006
(5 routes)
Table A.10: Estimated parameters of the bi-modal Gaussian distribution for
~(2)
UUEs(p)-

1=1 222 ZZS
&y Iih 1 @ Ho o2 W3 Hs 03

Campus 640 025 009 037 055 012 022 083 0.8
(4 routes)

urban 039 041 010 041 056 011 020 072 021
(3 routes)

Sub-urban 51 941 008 039 055 020 029 069 0.21
(6 routes)

Highway = 46 029 012 030 059 014 024 094 0.19

(5 routes)




APPENDIX

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 Ricé&afactor,
for all the scenarios investigated during the Aalto 2009 measurement cam-

paign.
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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 (seeZlable
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 lotiated
the frontside(ii): on the sides anlii): atthe backside of the Rx antenna array.
The average parameters of the bi-modal Gaussian distribution are pitoride
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.

1=1 1=2
w1 g o1 e H2 02
Underground parkings Median[dB] 0.66 2.86 2.01 0.34 9.19206.
(3 routes) Std. [dB] 081 092 0.74 0.08 138 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 0.13 347 1.39
Urban environment Median[dB] 0.52 3.73 3.21 0.48 1090 2.52
(2 routes) Std. [dB] 005 075 060 0.05 252 0.50
Opposite directions Median[dB] 0.72 2.35 3.22 0.28 10.18812.
(3 routes) Std. [dB] 0.07 058 040 0.07 266 1.12
Different directions Median[dB] 0.53 0.47 0.93 047 127 74.
(1 route) Std.[dB] 021 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] 0.13 092 061 013 191 1.15
Same direction + LoS  Median [dB] 0.47 4.04 234 0.53 13.27 42.7
(8 routes) Std. [dB] 0.06 062 0.17 0.06 232 0.33

Same direction + NLoS Median[dB] 0.56 3.77 2.89 0.44 11.47892.
(7 routes) Std. [dB] 009 045 030 0.09 284 0.91
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Table B.2: Rx antennas located on the sides of the array.

1=1 1=2
w1 o 01 e Ha 02
Underground parkings Median[dB] 0.45 4.60 4.10 0.55 6.37642.
(3 routes) Std. [dB] 019 192 221 019 340 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] 0.62 298 344 0.38 7.39 2.38
(2 routes) Std. [dB] 0.21 3.08 158 0.21 143 0.55
Opposite directions Median[dB] 0.66 2.77 3.38 0.34 9.57 62.9
(3 routes) Std. [dB] 0.11 084 065 0.11 3.78 1.46
Different directions Median [dB] 0.54 0.42 0.69 0.46 4.0512.
(1 route) Std. [dB] 0.10 064 048 010 221 0.98
Static-to-mobile Median[dB] 0.61 3.79 3.74 0.39 580 281
(1 route) Std. [dB] 026 170 198 0.26 349 1.58
Same direction + LoS  Median[dB] 055 3.14 213 045 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] 0.63 298 299 0.37 9.14 329
(7 routes) Std. [dB] 0.14 1.04 0.73 0.14 331 142
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Table B.3: Rx antennas located at the backside of the array.

1=1 1=2
w1 o 01 e Ha 02
Underground parkings Median[dB] 0.82 2.70 1.70 0.18 4.15895.
(3 routes) Std. [dB] 0.17 121 116 0.17 182 1.69
Road crossings Median[dB] 0.56 550 5.36 043 8.79 4.28
(2 routes) Std. [dB] 0.10 101 146 010 206 1.39
Urban environment Median [dB] 0.53 1.77 3.43 047 242 214
(2 routes) Std. [dB] 030 262 260 030 265 1.66
Opposite directions Median[dB] 0.79 3.81 3.77 0.21 11.06153.
(3 routes) Std. [dB] 0.12 0.73 042 012 321 1.16
Different directions Median[dB] 0.54 0.57 0.66 0.45 6.34 9.
(1 route) Std. [dB] 0.06 040 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] 035 691 206 035 333 220
Same direction + LoS Median[dB] 0.65 2.36 197 0.35 7.42 4.48
(8 routes) Std. [dB] 019 060 032 019 181 1.36
Same direction + NLoS Median [dB] 0.67 2.20 3.31 0.33 3.40 22.9
(7 routes) Std. [dB] 0.05 0.78 0.87 0.05 237 1.04




APPENDIX

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 20@9 me

surement campaign.
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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 (seeZlable
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 thereneans
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 andiii): at the backside of the Rx
antenna array. The average parameters of the bi-modal Gaussiarutlmtrib
are provided in Tables C.2 C.3 for each of these three Rx antenna subsets,

respectively.

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

=1 1=2
w1 fi1 o1 W Hi2 02
Underground parkings Median[ns] 0.39 6.84 121 0.61 13.03.228
(3 routes) Std. [ns] 035 222 172 035 1493 1557
Road crossings Median[ns] 0.37 592 053 0.63 3555 2521
(2 routes) Std. [ns] 0.17 0.13 0.07 0.17 7.88 7.50
Urban environment Median[ns] 0.72 790 240 0.28 5220 96.4
(2 routes) Std. [ns] 0.11 020 0.18 0.11 7.73 9.38
Opposite directions Median[ns] 0.44 6.37 0.75 0.56 32.94.822
(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 0.81 135. 59.69
(1 route) Std. [ns] 0.05 1886 27.44 0.05 21.39 10.80
Static-to-mobile Median[ns] 0.33 596 055 0.67 3162 &6.6
(1 route) Std. [ns] 0.05 0.09 0.06 0.05 6.09 6.97
Same direction + LoS Median[ns] 0.66 5.67 041 0.34 45.62 6%0.
(8 routes) Std. [ns] 0.07 0.04 0.03 0.07 1292 2244

Same direction + NLoS Median[ns] 043 575 0.47 056 18.09.7843
(7 routes) Std. [ns] 0.06 0.14 0.06 0.06 280 3.37
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Table C.2: Rx antennas located on the sides of the array.
1=1 1=2
@1 ,al (/7\1 @2 /-72 6'\2
Underground parkings Median[ns] 0.36 9.47 3.15 0.64 22.75.74
(3 routes) Std. [ns] 031 355 279 0.31 18.08 16.95
Road crossings Median[ns] 0.53 596 056 0.47 25.92 21.24
(2 routes) Std. [ns] 0.14 014 0.06 0.14 7.83 951
Urban environment Median[ns] 045 7.70 233 055 4594 37.6
(2 routes) Std. [ns] 0.25 3.02 364 025 19.69 21.08
Opposite directions Median[ns] 0.46 6.30 0.71 0.54 29.21.3&0
(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 82.511.08
(1 route) Std. [ns] 0.08 9.69 1540 0.08 16.70 10.25
Static-to-mobile Median[ns] 0.32 6.05 0.60 0.68 33.09 28.0
(1 route) Std. [ns] 050 0.14 0.10 0.05 865 7.97
Same direction + LoS Median[ns] 0.58 5.69 041 0.42 38.44 347.
(8 routes) Std. [ns] 0.09 0.13 0.08 0.09 1552 31.38
Same direction + NLoS Median[ns] 0.35 581 051 0.65 21.43.198
(7 routes) Std. [ns] 0.08 0.11 0.08 0.08 14.63 16.99
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Table C.3: Rx antennas located at the backside of the array.

1=1 1=2
@1 ,al (/7\1 @2 /-72 6'\2
Underground parkings Median[ns] 0.33 16.93 10.62 0.67 &8.38.79
(3 routes) Std. [ns] 0.25 1245 16.44 0.25 16.80 10.39
Road crossings Median[ns] 0.64 588 050 0.36 2214 17.72
(2 routes) Std. [ns] 0.08 0.112 0.08 0.08 7.78 14.30
Urban environment Median [ns] 0.37 11.42 6.31 0.63 84.93 3&%7.
(2 routes) Std. [ns] 0.15 1341 20.31 0.15 2530 22.23
Opposite directions Median[ns] 0.52 6.32 0.70 0.47 31.54.327
(3 routes) Std. [ns] 0.08 0.06 0.03 008 7.10 10.16
Different directions Median[ns] 0.24 6.02 054 0.76 67.661.63
(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 4211 34.0
(1 route) Std. [ns] 0.03 0.09 0.08 003 6.00 576
Same direction + LoS Median[ns] 0.42 559 0.32 0.58 60.08 768.
(8 routes) Std. [ns] 0.12 0.14 0.10 0.12 2272 36.49
Same direction + NLoS Median[ns] 0.30 5.81 049 0.70 53.53.2748
(7 routes) Std. [ns] 0.06 0.07 0.04 0.06 17.91 19.67
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