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Abstract

Single- and multi-antenna indoor systems have been designed and used for various
applications for some years now, but still there is a room for improvements. Channel
modeling is one of the aspects where researchers and engineers face many challenges.

Since indoor environments consist of many scatterers, mobility of the nodes in-
troduces non-stationarity in the propagation channel. To enable successful design of
communication systems, such an important issue must be taken into account. With
that perspective, dedicated measurement campaigns and realistic radio propagation
channel models are required in order to exploit fully the improvement potential.

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

* Three measurement campaigns of indoor-to-indoor radio propagation channels
were conducted at 3.8 GHz.

* The stationarity period duration varies between 0.8 — 1.5 s for different investi-
gated cases depending on the environment.

e It turns out that small-scale fading within one stationarity period follows a
weighted combination of different known distributions. This mixed type of fad-
ing can be described by a Second Order Scattering Fading (SOSF) distribution
which reflects any combination of Rician, Rayleigh, and double-Rayleigh fad-
ing.

* New double-ring geometry-based reference and simulation models for narrow-
band single- and multi-antenna SOSF channels are proposed. Next, second
order-statistics of these channels are derived and analyzed.

* New model for temporal evolution of angular statistics is proposed.

* It is shown that a Hidden Markov Model based approach can be used to repro-
duce time-variant statistics of small-scale fading. It can be parameterized from
measurements: empirical estimation and transition matrices were extracted for
the three investigated environments. We observed that predominant fading mech-
anism can be described by a mixture of Rayleigh and Double Rayleigh dis-
tributions. Distributions of the parameter o (corresponding to the impact of
Double Rayleigh fading) for the Rayleigh-double Rayleigh and A (joint impact
of the Line-of-Sight (LOS) term and Double Rayleigh fading) for the double-
Rayleigh-LLOS subsets can be well approximated by the Beta distribution; the
K-Factor (derived from parameter 5 of SOSF distribution) of Rician fading is
Extreme Value distributed.
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* A methodology of time-variant power delay profiles has been designed in the
room-to-room dynamic scenario.

e Normal distribution with zero-mean and the variance extracted from measure-
ments can be used for mean large-scale fading modeling and dynamic large-
scale fading follows a t-location scale distribution.
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Chapter 1

Introduction to Wireless
Channel Modeling

The demand for flexible mobile multimedia services continues to grow. The recently
published white paper [1] reports that in 2015 the monthly mobile traffic was 3.7 Ex-
abytes and Cisco forecasts 30.6 Exabytes per month of mobile data traffic by 2020.
It was pointed out that traditional cellular solutions are coming under the increas-
ing pressure from various indoor communication systems: much mobile data activity
takes place within users homes and/or offices. For users with fixed broadband and
Wi-Fi access points at home, or for users served by operator-owned femtocells and
picocells, a sizable proportion of traffic generated by mobile and portable devices is
offloaded from the mobile network onto the fixed network. In 2015, users generated
51 percent of traffic indoor and the increase of this impact became a recognized trend
(see Figure 1.1). Many other growing trends such as home and office security and au-
tomation, smart metering and utilities, maintenance, building automation, automotive,
health-care and consumer electronics were also mentioned.

An important factor is the emergence of wearable devices, a category with high
growth potential. Wearable devices, as the name suggests, are devices that can be

75

gg ® Cellular Traffic from Mobile Devices

gg ® Offload Traffic from Mobile Devices
50
Exabytes 45

40
per Month 35

30
25
20
15
10
: -
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2015 2016 2017 2018 2019 2020

Figure 1.1: Cellular offload forecast [1]
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worn on a person and have the capability to connect and communicate to the network
either directly through embedded cellular connectivity or through another device us-
ing different communication technologies. These devices come in various shapes and
forms, ranging from smart watches, smart glasses, heads-up displays, health and fit-
ness trackers, health monitors, wearable scanners and navigation devices, smart cloth-
ing, etc. Technical development is being combined with fashion to match personal
styles, especially in the consumer electronics segment, along with network improve-
ments and the growth of applications, such as location-based services and augmented
reality. Although there have been vast technological improvements to make wearables
possible as a significant device category, wide-scale availability of embedded cellu-
lar connectivity still has some barriers to overcome for some applications such as
technology limitations, regulatory constraints, and health concerns.

In other words, wireless technologies have become closer to users, entered their
homes and offices. Many methods were introduced to make this possible. Underlying
radio channels influence the performance of all of these schemes. As one can notice,
the technologies and applications are becoming more and more complex. Convention-
ally, stationary Rayleigh fading between the nodes was assumed. However, it is not
the case in indoor peer-to-peer channels. Here, we observe a strong dependence on the
nodes’ mobility and on the scattering scenario [3]. For this reason, the non-stationary
radio channel must be measured and modeled, as time-variant fading statistics may be
exploited by algorithms used in the network, for example by incentive mechanisms
based on repeated games that force nodes to help disadvantaged ones in view of a
future exchange of roles, along the lines of [4].

Naturally, indoor radio propagation channels have been investigated in the past.
Deterministic approaches such as ray tracing methods are used in [5, 6, 7, 8, 9, 10]
to predict the characteristics of the radio channels in indoor environments. Although
good agreement can be obtained with such numerical approaches, high computational
cost makes them less attractive. This cost increases as well when the room dimensions
and/or frequency increase. Indoor wireless channel modeling has been empirically
addressed in [11, 12, 13]. These studies investigated indoor path loss and/or fading
models around 1.8 and 5.2 GHz. In particular, path-loss predictions rely on the simple
one-slope log-distance model.

Empirical path loss models for in-room, room-to-corridor, and room-to-room sce-
narios have also been investigated [14]. The one-slope log-distance, dual-slope log-
distance and attenuation factor model are used to estimate the path loss in in-room,
room-to-corridor, and room-to-room scenarios, respectively. In [15], various prop-
erties of indoor peer-to-peer channels have been analyzed, but for static nodes only:
fading was modeled for single-antenna links by a generalized gamma distribution.

It was shown in [16] that non-stationarity is an important issue for indoor chan-
nels. Hence, the effects brought by nodes’ mobility must be considered in the channel
modeling. Some previous works e.g., [17, 18] have modeled indoor channels for so-
called nomadic scenarios (fixed nodes, moving obstacles). In [17] the shadowing,
K-factor, and delay spread are found to be correlated lognormal variables, whereas in
[18] fading is found to be SOSF (Second Order Scattering Fading [19]) distributed.
Single mobile links between the nodes located in the same room (or adjacent rooms)
under LOS and non-LOS conditions were investigated in [20]: fading was found to
be Weibull distributed. In [3], peer-to-peer channels were empirically modeled in
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a typical cubicle-style office environment. The same environment was also used in
[21] to investigate the multi-user separation in dual-link multiple-input and multiple-
output (MIMO) indoor scenarios. Dynamic models of indoor wireless channels were
proposed in [22, 3], where the motion of communication nodes and obstacles (such as
people) is taken into account. Whereas models in [18, 3] are narrowband, the method
in [22] predicts the time-varying PDP as a weighted sum of cluster functions.

This chapter provides an overview of basic propagation phenomena, different ap-
proaches to model the wireless channel and existing channel models relevant to a
single wireless link as well as Multiple-Input Multiple-Output (MIMO) channels. The
remainder of this Chapter is structured as follows: Section 1.1 describes the basic
aspects of propagation. Large- and small-scale fading mechanisms are presented in
Section 1.2. The second order scattering fading distribution is described in Sec-
tion 1.3. Reference models for narrowband fading channels are presented in Sec-
tions 1.4 and 1.5 for single- and double mobile scenarios, respectively. Section 1.6 is
dedicated to the wideband channel modeling and several popular simulation models
of fast fading are presented in Section 1.7

1.1 Wireless Channel Modeling

In wireless communication networks, the propagation channel is the medium between
the transmitter (Tx) and the receiver (Rx). It is obvious that its properties influence the
performance of wireless networks. Next generation wireless networks design (i.e., al-
gorithms development) is impossible without the knowledge of wireless channel. The
behavior of the channel can significantly change with choice of the nodes architecture,
Radio Signal (RS) specificities etc. Consequently, radio channel characterization and
modeling in such innovative architectures becomes crucial to evaluate the achievable
network performance.

1.1.1 Aspects of Multipath Propagation

The Tx radiates a signal in the form of electromagnetic waves in several directions.
Waves interact with the surrounding environment through various propagation phe-
nomena, before it reaches the Rx. As illustrated in Figure 1.2, different phenomena
such as specular reflections, diffraction, scattering, wave-guiding, penetration or any
combination of these can be involved in propagation [23]. Therefore, multiple real-
izations of the transmitted signal, often termed as MultiPath Component (MPC) arrive
to the Rx with different amplitudes, delays and directions. The instantaneous Impulse
Response (IR) of a wireless propagation channel can be written as

N
h(t,7) =Y oud(t — ), (1.1)
=1

where 0 is the Dirac delta function, IV is the number of MPCs, and «v;(t)are complex
amplitudes at respective delays 7;. Resulting IR is the linear coherent superposition
of all MPCs, which can be constructive or destructive depending upon their respective
random phases. So that, fading caused by IR may also deteriorate considerably the
quality of the received signal. If the IR has an extent in the delay domain, then different
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Reflection

Figure 1.2: An illustration of multipath propagation

frequency components of the transmitted signal fade differently. This fading is said to
be frequency selective. Furthermore, due to movements of the Tx and/or the Rx and
scatterers present in the vicinity, the propagation channel varies over time. Finally,
the propagation channel is time selective if each MPC experiences a unique frequency
shift.

For a given link between the Tx and the Rx, the propagation channel is usually
described by its IR, h(t, 7) [23, 24]. It links the input signal at the Tx with the output
signal at the Rx through the following well known relation,

y(t) = h(t,7) * x(t) + n(t), (1.2)

where x(t) and y(t) are the transmitted and the received signal respectively, n(t) de-
notes the additive noise at the Rx, and the operator * represents the convolution opera-
tor. Figure 1.3 shows an example of measured channel IRs where several propagation
paths to generate IRs can be noticed. Note that each propagation path is influenced by
the following:

* the Tx antenna in the direction of transmission of the propagation path
* the radio channel on the propagation path
* the Rx antenna in the direction of arrival of the propagation path.

A block diagram of the measurement system illustrating the wireless propagation
channel with the Tx and Rx antennas and associated Radio Frequency (RF) cables
is shown in Figure 1.4. Thus derived channel models will be very specific to antennas
utilized during measurements.
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Figure 1.3: An example of measured channel IR

Similarly, the frequency-dependent transfer function can be described by applying
a Fourier transform on (1.2),

Y(f) = H(t, )X(f) + N, (1.3)

where Y, H, X and N are the Fourier transforms of y, h, z and n, respectively.

1.1.2 Narrowband and Wideband Channels

Wireless channels are generally categorized into narrowband and wideband channels
based on the relationship between the transmission bandwidth and the coherence band-
width [24]. Narrowband channels have a small bandwidth (transmission bandwidth is
less than the coherence bandwidth) such that the Rx is not able to resolve multiple
MPCs. The frequency response of such channels is invariant over the transmission
bandwidth, therefore named as frequency flat fading channels. The IR of narrowband
channels can be described by a single tap, i.e., a delta function with a time-varying
attenuation

h(t,7) = a(t)o() (1.4)

In contrast, in wideband channels the transmission bandwidth larger than the coher-
ence bandwidth, this means that a frequency-dependent channel behavior can be dis-
tinguished. The frequency response of such channels varies over the transmission
bandwidth, therefore also said to be frequency-selective fading channels. Moreover,
more precise temporal resolution is peculiar to such channels and the Rx has the abil-
ity to resolve the MPCs based on their respective delay. The directional properties (for
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Figure 1.4: Block diagram of the measurement system

both types of channels) at the Tx and at the Rx define the autocorrelation function of
the IR when a mobile receiver moves in space. If multiple antennas are used at both
sides, the correlation is defined by directional characteristics of the channel.

1.1.3 Multidimensional Radio Propagation Channels
Double-directional SISO Radio Propagation Channels

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

N
h(T; t7 QTJE; QRJU) = Z ejQﬂ—fZiLthw (QRw,n)angTw (QTw,n)(S(T - Tn)7 (15)

n=0

where 7,,, @y, fa, Q7z,n and Q g, 5, denote the time-variant delay, complex amplitude,
Doppler shift, Direction of Departure (DoD) and Direction of Arrival (DoA) of the
n—th multipath component, respectively. The DoD is determined by the azimuth angle
@T2.n and the elevation angle O, ,, (the DoA being defined in a similar manner).
Moreover, g7, (1 n) and gry(Qre.n) are the complex field patterns of the Tx and
Rx antennas in the directions {7, ,, and Q g, ,, respectively. Hence, the amplitude a,,
of the n—th multipath component does not depend on the kind of antenna arrays that
are used at both link ends. Moreover, the total number N of multipath components
can vary over time, as some interactions may appear or disappear owing to the motion
of the Tx, Rx or scatterers.

Multidimensional modeling

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

Time : t EiN Doppler frequency :  v(orfy)
Delay : T EiN Frequency : f
DoD-DoA : Qru—_ ks -}; Space : ATs— Rz

where ap,_ g, denotes the vectorized spatial domain (in terms of azimuth and eleva-
tion) at the Tx and Rx sides.

It is naturally not realistic to characterize the time-variant channel with an infinite
precision: the precise location of the transmitter, receiver and scatterers are not known,
so that correspondent phase shift can be considered as a random variable. On a larger
scale, the same holds true for Q7 Rren, oy, and 7, [23]. As a consequence, the
multidimensional functions are all stochastic. These functions were first introduced
as parts of a system for the characterization of wideband time-varying linear radio
propagation channels by Bello in [25]. These Bello’s system functions were then
generalized to the case of double-directional radio propagation channels [23]. These
functions are all related one to another through Fourier transforms, so the double-
directional radio propagation channel can be completely characterized even if just one
of the mentioned functions is known. For example, the time-varying Tx-Rx angular-
resolved Transfer Function (TF) can be expressed as

G(f;t;Qra; Qra) = Fro p{h(T3 6 Qe Qpa) (1.6)

Similarly, S(7;v;Qps; Qgre) denotes the Doppler-varying Tx-Rx angular resolved
Impulse Response, which can be obtained by taking the one-dimensional Fourier
transform of h(7;t; Qr,; Qpg,) in the time domain.

However, statistical description of these Bello’s system functions practically can-
not be done, since it would require the exact knowledge (or, at least, an accurate esti-
mate) of their joint multidimensional Probability Density Function (PDF). It is indeed
unrealistic, given the large number of parameters on which they depend. As a con-
sequence, an often used approximation of these generalized Bello’s system functions
can be obtained by means of their second order statistics, namely their autocorrelation
functions (assuming that they are zero-mean) [23, 25]. For example, the time-varying
delay- and Tx-Rx angular-resolved correlation functions can be expressed as

R(r, 7" t,t"; Qre, s QR Qs ) =

1.7
E{A (T £ Qs Q)1 (7 3 Ly 2 )}, (.7

where (-)* and E{-} denote the conjugate operator and expectation of the random
variable.

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

Wide-sense stationarity uncorrelated scattering homogeneity

In practice, the multidimensional correlation functions are still very complex for an-
alyzing. Hence, further simplifications are widely used in order to provide simpler
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models for the correlation functions, e.g.[16]

1. The Wide Sense Stationarity (WSS) assumption, stating that the first and sec-
ond 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 difference At = ¢ — t’. Equivalently, in the frequency domain, multipath
components undergoing different Doppler shifts are uncorrelated,

2. The Uncorrelated Scattering (US) assumption, stating that the first and sec-
ond order statistics of the radio propagation channel do not change over fre-
quency. Hence, the frequency correlation only depends on the frequency differ-
ence Af = f — f’. Equivalently, in the delay domain, multipath components
arriving with different delays are uncorrelated,

3. The Homogeneous (H) assumption, stating that the first and second order statis-
tics of the radio propagation channel do not change over space at the Tx and
Rx sides. Hence, the antenna correlation only depends on the differences in
the sp.atial domain Aty pe = n'TI Rz~ AT/ Ra- Equivalently, in the angular
domain, multipath components with different AoDs and AoAs are uncorrelated.

When the three aforementioned assumptions are simultaneously fulfilled, the radio
propagation channel is therefore said to be WSS-US-H. The Doppler varying delay-
and Tx-Rx angular-resolved correlation function of the radio propagation channel is
therefore white in all dimensions, such that (1.7) can be rewritten as

R(T7 TI; t7 tl; Q'I’xv Qllzﬁ QRxa Q;{z) =

1.8
R(AT; Av; AQry; AQ Ry )O(AT)0(AV)6(AQr,)d (AQR,) (1.8)

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

Time, frequency and space selectivity

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

1. The Root Mean Square (RMS) delay spread, as a measure of the frequency se-
lectivity of the radio propagation channel. Introducing the Power Delay Profile
(PDP)

2} (1.9)

PDP(T):E{‘ / / / h(7:t; Qe Qe ) dtdQrodQ s

the mean delay 7 and RMS delay spread 7,.,,,s are then defined as [24]

[ TPDP(r)dr
TPDRCIE

T =

(1.10)
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- \/f(T — 7)2PDP(r)dr ain

| PDP(r)dr

The RMS delay spread has been extensively investigated in a number of re-
search papers. In [26] distributed and centralized communication systems with
a carrier frequency of 3.53 GHz were investigated in an open space office, de-
pending on the scenario RMS delay spread and mean delay were estimated be-
tween 40-51 ns and 120-175 ns, respectively. RMS delay spread of 25-30 ns
was reported for MIMO channels measured at 2, 4 and 6 GHz in a conference
hall in [27]. A comparison of two communication systems working at 2.9 and
29 GHz was presented in [28], where RMS delay and maximum excess delay
were estimated to be 20-45 ns and 300-700 ns for different frequencies. Propa-
gation in a corridor was studied in [29], RMS delay spread of 60 ns and mean
delay of 165 ns were reported.

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,

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

APS(Qps) = {’ / / / (73; Qs Qo )dtdrdp,

the mean Rx angle Q2 ,; and RMS Rx angular spread Q ,; 1,5 are then defined

} (1.12)

as
[ Qrs APS(QR:)dQR,
Qpp = +— '
Rz [ APS(QRa)dQ R, e
o J(Qre — Qpy)?APS(Qpy)dQR, (1.14)
Rzx,rms fAPS (Qre)dQ g, .

Note that Qp, is a vector with the mean Tx azimuth and elevation angles s
and ¢ e respectively. The vector Q2 s contains the corresponding RMS
values Ory rms and @rz rms. The angular spread at the Tx side can be char-
acterized in a similar manner. Note, that in some papers (for example in [30])
values of RMS azimuth spread change over [0. .. 1] where 0 implies that signal
arrives from a single direction and 1 corresponds to the signal uniformly spread
over all directions, respectively.

These spread parameters are important metrics in the design of communication sys-
tems, especially in time-varying environments. Indeed, large RMS delay spreads mean
that the transmitted signal is smeared over time, owing to interactions with the scatter-
ing environment. Hence, different symbols may arrive at the same time at the Rx side,
what yields to inter-symbol interference [24]. Moreover, the RMS angular spread can
be used in adaptive beam-forming applications (when considering the Tx or/and Rx
antenna directivity). Indeed, large RMS angular spreads imply that the transmitted
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Figure 1.5: Block diagram of the multi-antenna measurement system

signal is smeared over a wide angular range (owing to either the Tx and Rx anten-
nas or the scatterers), such that a large spatial diversity gain is possible. On the other
hand, low RMS angular spreads indicate that the Tx or/and Rx antenna directivity can
be narrowed, yielding therefore possible higher power gains.

1.1.4 From SISO to MIMO Radio Propagation Channels
Double-directional MIMO radio propagation channels

An advantage of MIMO communication systems with A7 and Ag closely-spaced
antennas at the Tx and Rx sides respectively (as shown in Figure 1.5) is that they
can exploit the double-directional structure of the radio propagation channel. For
a narrowband radio propagation channel (or, equivalently, for each delay bin of a
wideband one), each Tx-Rx antenna link can undergo a different realization of the
radio propagation channel. As a consequence, if a link is affected by a deep fade (due
to destructive interferences of the multipath components), then a reliable transmission
of the transmit signal is still possible through the other Tx-Rx antenna links that would
not be faded (since fading remains coherent only over a distance of the order of the
wavelength, it can vary significantly from one element to another for a given antenna
array). For a double-directional radio propagation channel,the MIMO channel matrix
can be expressed as

hi(rst) - hiag(7it)
H(r;t) = (1.15)
hARl(T; t) e h-AR-AT (T; t)

where each entry corresponds to a given Tx-Rx antenna pair. The input-output rela-
tionship as given in (1.2) can in that case be rewritten as

y(t) = H(t,7) * x(t) + n(t), (1.16)
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where x denotes a A7 x 1 vector containing the transmitted samples, while y and n are
Apr x 1 vectors containing the received samples and the receiver noise, respectively.
Combining equations (1.5) and (1.15), the expression of the double-directional MIMO
radio propagation channel can then be rewritten as

N
H(r;t) = Z ejz’rfdtGRx(S]Rx’n)anng(QT%n)é(T —Tn), (1.17)

n=0

where Gg, and G, are Ap x 1 and Ag x 1 vectors including the antenna pattern
effects and the steering vector of the Tx and Rx antenna arrays in directions Qg »,
and 27, p,, respectively.

1.1.5 Space-only characterization of MIMO radio propagation chan-
nels

Complete statistical characterization of MIMO radio propagation channels (under as-
sumption that they can be fully described by their second-order statistics) by using the
multidimensional modeling approach presented in Section 1.1.3. However, due to the
large number of the correlation functions parameters, it is difficult to interpret them
even in the case if the correlation functions can be estimated from the measurements,
which is not a trivial task in itself. Since MIMO radio communication systems exploit
the spatial diversity of the propagation channel, it is then reasonable to consider the
space-only characterization of the underlying radio propagation channels. If both the
frequency and time shifts are set to zero (i.e. f = f’ and t = t’), then (1.7) can be
rewritten as the time-frequency dependent full spatial correlation matrix

Ryuu(t, f) = E{vec[H(t, f)]vec[H(t, f)]"} (1.18)

where the operator vec|[-] stacks the matrix columns into a single column vector. For
MIMO channels with a small relative bandwidth compared to the center frequency
(in this thesis the relative bandwidth is below 5%), it can be expected that the spatial
structure of the channel does not change significantly within the bandwidth. Then,
it is possible to consider only the temporal variation of the spatial structure and use
the frequency domain as additional realization domain. The corresponding correlation
function is then the frequency averaged time-variant full spatial correlation matrix

Rpun(t) = Ef{E{vec[H(t, f)]vec[H(t, f)]" }}, (1.19)

where E¢{-} is the expectation with respect to frequency. Its Ap A7 x AgpAr ele-
ments represent the correlation coefficients between all Tx-Rx antenna links, which
can also be classified as

1. The Tx correlation coefficients, which are due to interactions at the Tx side.
They can be expressed as the Ay x Arp spatial correlation matrix

Rpa(t) = E{E{H" (¢, f)H(t, )*}}, (1.20)

where (-)7 is a transpose operator.
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2. The Rx correlation coefficients, which are due to interactions at the Rx side.
They can be expressed as the Ar x Ag spatial correlation matrix

Ry (t) = E {E{H(t, )H" (¢, f)}}, (121

H s a conjugate transpose (Hermitian transpose) operator.

where (-)

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

The dimension of the full spatial correlation matrices grows quadratically with the
sizes of the MIMO antenna arrays used at the Tx and Rx sides. This draws important
issues in terms of

* complexity; since they can be too large to be used as such in communication
schemes,

* identifiability; since they may be ill-conditioned if they are estimated from an
insufficient number of time instants.

Considering these issues, an estimation of full spatial correlation matrices is not of-
ten used in MIMO radio communication systems. Since Tx and Rx spatial correla-
tion matrices are indeed simpler to estimate, they are much more popular in practice.
Moreover, these matrices can be used in adaptive processing at the Tx and Rx sides
separately, long-e.g. when term time-averaged spatial statistics are evaluated at the
Rx side and feedback to the Tx one, so that this latter can optimize its transmission
scheme. As a consequence, these spatial correlation matrices provide useful informa-
tion on changes in the radio propagation channel as seen from one link’s end.

Their structures can be analyzed by means of their respective eigenvalue decom-
position, which is given by

Rrx = Urx AU, (1.22)

Rix = UrxArxUby (1.23)

where Uy (resp. Urx) is a unitary matrix containing the eigenmodes of Ry (resp.
RRrx) at their columns, whereas Ay (resp. Ary) is a diagonal matrix containing the
corresponding eigenvalues sorted in descending order, such that A\; > Ay > - >
Ay r - The strongest eigenvalues (that exceed a certain threshold, which depends
on the measurement system) characterize the signal subspace, i.e. the number of un-
correlated fading processes that contribute to the radio propagation channel (while the
remaining ones are too weak and below the noise level, so that they can be associated
to the noise subspace). Even though these strongest eigenvalues do not have any phys-
ical interpretation in the radio wave propagation (they indeed correspond to weighted
sum of multipath components), they characterize the degree of spatial diversity in the
radio propagation channel.
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1.1.6 Measuring Non-Stationarity

It is obvious, that the WSS assumption is not realistic for real-world radio propagation
channels since it implies that the statistics of the radio propagation channel do never
change over infinite time.

The WSS assumption is not fulfilled since the channel statistics are time-varying,
due to the mobility of the Tx and Rx nodes as well as of the scatterers. Some scatterers
can indeed suddenly appear (or disappear) in the environment surrounding the Tx and
Rx. The LOS component can also be intermittently be obstructed by various obstacles.
All these effects result in a non-stationary behavior of the radio propagation channel
over time.

However, the radio propagation channel statistics do not change instantaneously,
so that it is possible to identify bounded time or traveled distance within which they
remain constant (i.e. over which the WSS-US-H assumption is locally fulfilled) to still
benefit from simplifications given by the assumptions. Reliable estimates of the radio
propagation channel statistics can therefore be obtained only over those time intervals.

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 Single-Input Single-Output (SISO) radio propagation channels
was investigated in [31], where local regions of stationarity were identified based on
the correlation between consecutive PDPs. For the definition of local stationarity, the
instantaneous rower delay profile must be calculated and an average over several of
them should be calculated in order to remove fading:

i+N—-1
PDP(ti,7) = >t )P (1.24)

4

Next, the temporal correlation coefficient between averaged PDPs can be computed as

[ PDP(t;,7)- PDP(t;,7)dr
max { [ PDP(t;,7) dr, [ PDP(t;, T)QdT}

(1.25)

Cij =

The channel is considered stationary if the correlation coefficient does not undergo a
certain threshold(0.9). This approach can be useful for systems where performance is
highly dependent on an accurate knowledge of the PDPs and will be used in ChapterS5.

Alternatively, a framework for the characterization of the non-stationary behavior
of SISO radio propagation channels over time and frequency was proposed in [32].
The concept of Local Scattering Function (LSF) was first introduced as an extension
of the scattering function to the non-stationary case. Stationarity regions in time and in
frequency were then identified by applying similarity metrics (e.g. collinearity, spec-
tral divergence, etc.) to the so-estimated LSFs. This approach has been used for the
characterization of the non-stationary behavior of vehicular MIMO radio propagation
channels and the identification of stationarity regions in [33, 34].

Regarding Single-Input Multiple-Output (SIMO) radio propagation channels, the
F-eigen ratio was introduced in [35] to measure the discrepancy between spatial cor-
relation matrices at the Rx side. It corresponds to the penalty that is undergone (in
terms of power loss) when out-dated spatial statistics are used in beam-forming appli-
cations instead of the actual ones. Nonetheless, the F-eigen ratio is interesting only
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when the transmission is done over a reduced number of eigen-modes, and hence loses
of its interest when all the eigen-modes are considered (e.g. in MIMO communica-
tion systems). For MIMO radio propagation channels, statistical tests based on their
evolutionary spectrum estimated at different time instants were used in [36, 37] to de-
termine time intervals over which the WSS assumption does remain valid. Stationarity
distances were also estimated, which were found to be larger in presence of the LoS
component. However, none of these methods really takes advantage of the knowledge
of the spatial structure of MIMO (or SIMO) radio propagation channels. For that pur-
pose, the Correlation Matrix Distance (CMD) was introduced in [16, 38, 39, 40, 41]
in order to determine the amount of change in the spatial structure of the underlying
MIMO radio propagation channel over time.

The CMD was introduced as a metric for the characterization of the amount of
change between two arbitrary time-dependent spatial correlation matrices. Let us con-
sider two spacial correlation matrices R and R, then the correlation matrix distance
between the matrices can be expressed as
=1- ﬂ, (1.26)

[Pt iFadiva

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

The non-stationarity of MIMO channels can be measured by applying the metric
presented in (1.26) to the time-frequency variant spacial correlation matrices. It al-
lows us to estimate stationarity regions in which the correlation distance is bellow a
threshold (conventionally, the threshold of 0.2 is used in literature).

dCOTT’

1.2 Propagation Modeling

Fading, in general, refers to the variation of the received signal power caused by
changes in the transmission medium or path. Fading is usually classified as Large-
Scale Fading (LS fading) or Small-Scale Fading (SS fading). Path-loss and large-scale
fading are dominant when the receiver moves over distances greater than several tens
of the carrier wavelength. Large-scale fading plays an important role in determining
the node coverage area. On the other hand, small-scale fading is caused by multipath
propagation. This effect plays an important role in determining link level performance
in terms of Bit Error Rate (BER), Average Fade Duration (AFD), etc.

1.2.1 Path-Loss and Mean Large-Scale Fading

Path-loss is the attenuation in the transmitted signal as it propagates from the trans-
mitter to the receiver. This attenuation may be caused by effects such as free-space
loss, refraction, diffraction, reflection and absorption. Path-loss is also influenced by
environment features such as walls, furniture, indoor vegetation, wall’s materials etc.
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The simplest path-loss model assumes a LOS link between the Tx and Rx and
propagation in free space. Under these assumptions, the received signal power is
given as [24]

)\2
4md?
where Pp is the transmitted power, G and G are the transmit and receive antenna
gains, respectively, A is the carrier wavelength, and d is the distance between the Tx
and Rx. Note that the path-loss exponent (the power of the distance dependence) in
this equation is 2 for free-space propagation.

However, the signals in wireless communications do not experience free space
propagation. Therefore, several different models such as the Okumura-Hata, Lee,
Walfish-Ikegami, etc., [24] have been proposed to model path-loss in different propa-
gation environments such as urban, rural, and indoor areas. Conventionally, path-loss
is modeled as [42]

Pr = PrGrGr (1.27)

d
N = Ao +1n-10log;q (d_) , (1.28)
0

where Aq is the deterministic path-loss at the reference distance ( It is typically 1 m
for indoor environments ). The path-loss exponent n denotes the relationship between
the distance and the received power. Experiments indicate that the actual path-loss
exponents are between 2.5-8.

The path-loss model described above assume that the path-loss is constant at a
given distance. However, as an indoor environment typically is reach of various static
objects such as furniture, desktops etc., all these static obstacles result in random
variations of the received power at a given distance for different rooms. In [3, 43],
this effect was called mean LS fading S and it was found to be normal with zero mean
(when expressed in decibels) over the whole set of rooms/links. Considering the both
components, the combined path-loss and mean LS fading A = A’ 4 S can be defined
as

A =Ao+n-10logq, <di0> +S. (1.29)

1.2.2 Dynamic Large-Scale Fading

When the deterministic path-loss and mean LS fading are removed, mean power, av-
eraged over about 10-20 wavelengths, itself shows fluctuations over time. These ran-
dom variations of locally averaged received power over large distances, typically on
the order of a few tens or hundreds wavelengths, are known as large-scale fading,
due to large obstacles such as building’s structures, moving people, the user of the
node(so-called body fading or shadowing) etc. The obstacles affecting the propaga-
tion of MPCs can be very different from each other, resulting in large-scale variations
at different locations, while having approximately the same Tx-Rx distance. At any
distance d, LS fading S measured in dB is usually modeled as a lognormal random
variable, which takes into account random variations of the received power around the
path-loss curve, with the PDF as

1 (Inz—ug)?

exp 278 (1.30)
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where pg and 0% are the mean and the variance of the corresponding normal random
variable respectively.

In [43] it is shown that the LS fading might be described by a t-location scale
distribution

v+1

v+1 2\ 2
p(:clV,M,Ug)ZM(l—Fl(m_M) ) (1.31)

I (%) osy/mv v\ 03

with mean (1), v degrees of freedom and a scale parameter 3. This distribution results
from compounding a normal distribution with mean p and unknown variance, with
an inverse gamma distribution placed over the variance with parameters ar = v/2
and Br = vo2/2. In other words, the LS fading is assumed to have a Gaussian
distribution with an unknown variance distributed as inverse gamma, and then the
variance is marginalized out. Various mechanisms typical for different scenarios can
lead to variations of the value of the scale parameter o; depending on the type of
mobility and the motion scale.

In multi-antenna systems, the transmitter and/or the receiver consist of arrays, i.e.
they are made of several closely-spaced antennas. The fading channel between each
transmit-receive antenna pair can be modeled as a SISO channel. Yet each SISO chan-
nel constituting of the MIMO channel may be characterized by a different shadowing
(however, the size of the arrays is such that the path-loss is usually identical on all
links). For uni-polarized transmissions and reduced inter-element spacings, this is
nevertheless a not-so-common situation [23].

1.2.3 Small-Scale Fading

Small-scale fading describes the random fluctuations of the received power over short
distances, typically a few wavelengths, due to constructive or destructive interference
of MPCs impinging at the receiver. Different distributions are proposed to characterize
the random fading behavior of the signal envelope, suitable for different wireless sys-
tems and propagation environments. The Rayleigh and Rice distributions, both based
on a complex Gaussian distribution, are the most commonly used models. Consider-
ing a large number of MPCs with amplitudes and random phases, the signal envelope
of small-scale fading thus follows a Rayleigh distribution with PDF [24]

p(x) = Te_ 2%s x>0, (1.32)

where ogg is the scale parameter describing statistical dispersion of the probability
distribution.

It stems from a signal that is zero-mean complex Gaussian with a standard de-
viation ¢, as motivated by the Central Limit Theorem (CLT) [24]. The zero-mean
makes this distribution useful for Non-Line-of-Sight (NLOS) conditions. However, if
a strong coherent component dominates the others, then signal envelope of small-scale
variations follows the Ricean distribution (the Rayleigh is a special case of the Ricean
distribution) with PDF given by

22442 A
p(z) = %6 2035 I, (%) x>0 (1.33)
0ss
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where I is the zero-order modified Bessel function of the first kind and A is the
amplitude of the dominant component. Usually, the Ricean distribution is described
by the Ricean K-factor, defined as [24]

A2
- 20% g

(1.34)

Thus (1.33) can then be rearranged as

p() = - <K+25%s>10 ( v QKg;) >0 (1.35)

o2s o2s

where the Rician K-factor determines the amount of SS fading. This important param-
eter of the Ricean distribution represents the ratio between the average power of the
specular and diffuse components of the signal. In this case, the small-scale fading has
unit average power when 20%¢ = KLH Conventionally in the literature, the Rician
distribution is often associated with the presence of a LOS component [24], however
it can also describe fading in the case of strong coherent specular reflections, e.g.,
a static scatterer located in the vicinity of the moving Rx [23]. Large values of the
Rician K-factor correspond to weak fading conditions (or no fading), while K = 0
indicates that SS fading is Rayleigh distributed and there is no impact of the LOS
term. The K-factor is a frequently studied parameter in channel modeling research; as
illustrated in Chapter 5.

From a system design point of view, the type of fading distribution envelope is vital
as it determines the fading margin [24] required to achieve coverage with a certain
outage probability.

The combined effects of large-scale and small-scale fading can be illustrated through
a joint distribution, e.g., the Suzuki distribution [44]. However, the more familiar ap-
proach is to provide separate PDFs for two fading types.

As it was shown in [3, 43], small-scale fading is rather described by a combina-
tion of several different distributions. The single distribution describing this type of
fading is presented in [45] and called the Second Order Scattering Fading (SOSF)
Distribution.

1.3 The SOSF Distribution

Itis shown in [3] that, for indoor environments, small-scale fading can be described by
a single distribution including a weighted combination of a line-of-sight component,
a Rayleigh fading component and a Double Rayleigh fading component. Hence, any
realization of the time-frequency channel can be expressed as

H = W()€j0 —+ lel + w2H2H3 (136)

where Hi, Hy, H3 are i.i.d. complex normal random variables with zero mean and
unit variance, and @ is a constant phase shift angle in [0, 27]. The probability density
function of g = |H| is given, as shown in [45] and [3], by the so-called second order
scattering fading (SOSF) distribution

pSOSF(g) — /oo we—w%w2/4 4Jo(gw)J0(wow)

d 1.37
Jo 4 + wiw? n (1.37)
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Rician

/DRLOS

Rayleigh

RDR

Figure 1.6: Triangle of the parameters of SOSF distribution

where Jj is the Bessel function of the first kind and zeroth order.

It can be useful to derive simpler forms for distribution functions in special cases
of the SOSF distribution. Probability density functions of Double Rayleigh (DR)
and Rayleigh - Double Rayleigh (RDR) distributions can be found in [45] and [19],
respectively. The distribution for a combination of Double Rayleigh and Line-of-Sight
(DRLOS) can be derived by using the same concept as used in [45] and the standard
integral [46, §6.541] as

4 2a 2a
PprLOS(9) = —‘Zlo (—1> Ky (—2> (1.38)
wy w2 w2

where I, and K arc the modified Bessel functions of the first kind and zeroth order
and the modified Bessel functions of the second kind and zeroth order, respectively,
parameters a; and as are given by

w9 g <wl
! wo [g > wol

a { wo g < wol
2 g 9> wo

Since E{g?} = 1, we have that w3 + w? + w3 = 1 and the distribution can be
specified by only two parameters [47]

(1.39)

Bi

- wp wi s
where (v, §) are constrained to the triangle > 0, 5 > 0, and « + 3 < 1 shown in
Figure 1.6. In specific cases of the triangle, the SOSF distribution reduces to Rician

(1.40)
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Figure 1.7: The geometrical single-ring model for the SISO (top) and MIMO (bottom)
cases

(¢ = 0,8 > 0, with K-Factor K = %) Rayleigh (o = 0,3 = 0), Double
Rayleigh (o« = 1,8 = 0), DRLOS (a + 8 = 1, < 1, 8 < 1) and Rayleigh-Double-
Rayleigh distribution (0 < a < 1,8 = 0). Based on previous studies [48, 3], we
can expect that these distributions describe predominant fading mechanisms for our
environment.

1.4 Single Mobile Channels

A single mobile (also known as Fixed-to-Mobile (F-to-M)) channel is a channel be-
tween a transmission node, which is stationary, and a Mobile Station (MS). A typical
assumption is that the static node is relatively free of local scattering, whereas the
mobile node is surrounded by objects acting as scatterers.

1.4.1 Reference Model for Single Mobile Fading Channels

In the past five decades, several modeling approaches for single mobile channels have
been proposed. The pioneering work done by Clarke provides a theoretical reference
model for SISO single mobile channels [49, 50].
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Clarke assuming narrowband, frequency flat fading, and NLOS propagation pro-
posed a reference model defining the complex faded envelope as

Py fmaL t

= lim ZC’ e( ¢ COSQRH)”), (1.41)

N—>oo
n=1

where [V is the number of propagation paths and ¢,, is the random phase of the n—th
multipath component, uniformly distributed on the interval [, 7). The maximum
Doppler frequency f7*® = 4% in Hertz, A is the carrier wavelength, and vy, is the
speed of the MS. The Angle of Arrival (AoA), o, depends on the scattering environ-
ment and the antenna radiation pattern. It is assumed that C),, o'} and ¢,, are mutually
independent and that %}, is uniformly distributed on the interval [, 7). Invoking the
CLT [24], the real part, g;(t) = R{g(t)}, and the imaginary part, qq( ) ={g(t)}, of
the complex faded envelope are Gaussian random processes as N — co. Therefore,
the envelope | g(t)| is Rayleigh distributed and the phase 6, (¢) is uniformly distributed.
The auto- and cross-correlation functions of the reference model, assuming a 2-D scat-
tering environment, are summarized below [24]

Rgi/qgi/q (T) = E[Qi/q(t)gi/q(t + T)] Jo (27TfmaT ) (1.42)

Ryig, (1) = Elgisq(1)9q/i(t + 7)) = 0 (1.43)

where E[] is the statistical expectation operator and Jy is the zeroth-order Bessel
function of the first kind.

These statistical properties can be used to design a communication system, i.e. to
choose modulation, interleaving, and coding schemes at the transmitting end and the
type of channel estimator and decoder at the receiving end.

1.4.2 Reference Model for Single Mobile Multi-Antenna Fading
Channels

The one-ring model was extended to the MIMO case in [51] and later generalized
in [52] to include the impact of the LOS term and various models as special cases.

1
Pd(t) = -
g"(t) Koyt 1
N (1.44)
« lim — S0 eIV B e ($n)an (6n)|Ha2m IRt cos (60 —ak)
N—oo /N ot
KPQ ]2 epgti2n fR " {cospros—Yr}
gros®) =77 g xe R (1.45)
rq

where €,,, and €4, are the distances shown in Figure 1.7, which are functions of the
AoA of the wave traveling from the n—th scatterer toward the user and K, is the
Rician K-factor for the correspondent link. Note that E[|(gP9)?| = 1].
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Correlation functions are expressed as

ech cos O

R9vra9pa (7—) — W

x I ({KQ —a? - b%{ — bQTA2 sin? 0y + 2abg cos (Or —VR)

+ 2bpAsin (07) X [asinyg — bg sin O] (1.46)

— j2n[acos (1t — i) — brcos (1 — O)

— bpAsin (67) sin /1,] }%>

where @ = 2nfR"1, bp = 2ndr/A, by = 27/, tan(A) = Rp/D and & is a
parameter of the Tikhonov-von Mises (TvM) distribution:

el cos (—p)

27‘(‘[—0(,‘{) (RS [*7{',7’[’) (147)

pla) =

where is Ij the zeroth-order modified Bessel function, u € [—m, 7) accounts for the
mean direction of AOA seen by the user, and x > 0 controls the width of AOA. For
k = 0 (isotropic scattering) we have f(«) = 1/2m, while for kK = oo (extremely
non-isotropic scattering) the TvM PDF becomes a Dirac delta function, concentrated
at o = .

Notice that the simplest special case of (1.46) is Clarkes temporal correlation
model (1.42), obtained for 67 = dr = 0 (single transmit—receive antennas) and
x = 0 (isotropic scattering around the user).

1.5 Double Mobile Channels

Double mobile (Mobile-to-Mobile (M-to-M)) channels have characteristics that are
widely different from single mobile channels. In double mobile channels, both the Tx
and Rx are in motion surrounded by local scatterers, as shown in Figures 1.8,1.9.

1.5.1 Reference Model for Double Mobile Fading Channels

Akki and Haber [53, 54] showed that for double mobile channels the fading envelope
is Rayleigh distributed, but the second order statistics differ from single mobile chan-
nels. They were the first to propose a theoretical reference model for SISO double
mobile channels based on the geometrical representation shown in Figure 1.8.

This model defines two rings of fixed scatterers, one around the Tx and another
around the Rx. Around the transmitter, M/ omnidirectional scatterers S7* lie on a ring
of radius Rp. Similarly, around the receiver, N omnidirectional scatterers lie on a ring
of radius R and the n—th receive scatterer is denoted by S%. The distance between
the transmitter and the receiver is D. The Tx and Rx are moving with speeds vy and
vg in directions described by angles yr and g, respectively. The symbols o/ and
o't denote Angle of Departure (AoD) and AoA, respectively.
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Ve

Figure 1.8: The geometrical double-ring model for the SISO case

Assuming narrowband, frequency flat fading, and NLOS propagation, Akki and
Habers SISO double mobile reference model defines the complex faded envelope as
(53]

N [ ompmazy ) om AT, )
. 2 ]( L cos aff+—L co‘a”-i—qb")
gty = lim (/= > e\ e TR (1.48)
n=1

where N is the number of propagation paths, f7*** and fp'** are the maximum
Doppler frequencies, ot and o are the AoD and the AoA of the n—th propaga-
tion path measured with respect to the Tx and Rx velocity vectors, respectively, and
¢n, is the phase associated with the propagation path. It is assumed that o7, % and
¢, are mutually independent random variables and that ¢,, is uniformly distributed
on the interval [, 7). Since the Central Limit Theorem statements, the I component,
gi(t) = R{g(t)}, and the Q component, g,(t) = I{g(¢)}, of the complex faded en-
velope are Gaussian random processes as N — oo. Therefore, the envelope |g(t)| is
Rayleigh distributed and the phase 6, (¢) is uniformly distributed. The auto- and cross-
correlation functions of the reference model, assuming omni-directional antennas and
a 2-D isotropic scattering environment, are in the limit N — oo [53, 54]

Ry, 00:,0(T) = Elgi/q($)gisq(t + 1) = Jo @7 f7*"7) Jo 2 f ") (1.49)

Rg.9,(T) = Elgi/q(t)gq/i(t +7)] =0 (1.50)

Note that auto-correlation functions of double mobile channels are a product of two
Bessel functions in contrast to single mobile channel, where the corresponding func-
tions involve single Bessel functions (1.42).

1.5.2 Reference Model for Double Mobile Multi-Antenna Fading
Channels

Pitzold et al. were the first to propose a reference model for MIMO double mobile
channels [55, 56]. They used the double-ring model, proposed in [57], to derive their
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vr

sp VR

Figure 1.9: The geometrical double-ring model for the MIMO NLoS (top) and LoS
(bottom) cases

reference model. However, the model proposed in [55, 56] included just so called
double bounced waves i.e. waves scattered on both rings around the nodes. It is
obvious that this approach is incomplete. In [58], Zajic and Stiiber proposed a model
considering the single bounced components as well. Figure 1.9 shows the double-ring
model for MIMO double mobile channels with Ar = Ar = 2 antenna elements.

This model defines two rings of fixed scatterers, one around the Tx and another
around the Rx. Around the transmitter, // omnidirectional scatterers lie on a ring of
radius Ry, and the m—th transmit scatterer is denoted by S7 . Similarly, around the
receiver, N omnidirectional scatterers lie on a ring of radius R and the n—th receive
scatterer is denoted by S7%. The distance between the transmitter and the receiver is
D. The spacing between two antenna elements at the Tx and Rx is denoted by §7 and
dR, respectively. Angles #; and O describe the orientation of the Txs antenna array
and the Rxs antenna array, respectively, relative to the x-axis.

Similarly to the SISO model, the Tx and Rx are moving with speeds vy and vg
in directions described by angles yr and g, respectively. The symbols o' and o,
denote AoD and AoA, respectively. Finally, the symbols ¢ with various subscripts

denote distances shown in Figure 1.9.
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Using the double ring geometrical model, the reference model [58] defines the
complex faded envelope of the link A%, — A% under narrowband, frequency flat fading
propagation assumptions as

Pq 125 \ / —7 % (epm~+emn+teng)
gDB I(pq —|— 1 JLI%OO Z (1.51)

mnl

« 6]27Tt(fm‘” cos (o —yr)+fR " cos (& —YR))+Pmn

. nSBT
95pr(t Kp, +1 A[%oo V' M ]L[

(1.52)
% Z oI [ B (epmtema) F2mt(f747 cos (aff —yr)+F 4% cos (o ’YR))+¢m]’
_NSBR /
gSBR qu +1 N—>oo
(1.53)
% Z e] 2 (epnteng)+2mt(f774" cos (afp—yr )+ F " cos (aﬁ—WR))-i-qbn] ,
K maa
pq 1) = rq ej27rth cos(m—aRrqg—T)
Ql,os( ) —Km 1 (1.54)
><6327"tf172mw cos(rq—YR)— jowqu
where the used distances are defined as
€pm = Ry — (0.5A1 + 0.5 — p)dy cos (o] — Or) (1.55)
€mq = D — (0.5Ar + 0.5 — q)0g[Arsin g sinaf — cos Og) (1.56)
€pn = D — (0.5A7 + 0.5 — p)dp[Ag sin 07 sin o + cos O7] (1.57)
€ng ~ Rp — (0.5Ar + 0.5 — q)0g cos (a's — Or) (1.58)
€mm & €pg & D (1.59)
ema ~ D — (0.5A5 + 0.5 — q)dz cosak2%0
‘ (054 4)0r cos iy b (1.60)

— (0.5A7 + 0.5 — q)d7 cos b,

and parameters p and q take values from the setsp € {1,..., Ar}andq € {1,..., Agr},
respectively. The weights nsp7,NspRr, Npp show how much the single- and double-
bounced rays contribute in the total power, i.e. these parameters satisfy nspr +
nser + Mpp = 1. It is assumed that the AoD ag«(m) and the AoA a?{(m) are ran-
dom variables. Note that double-bounced rays have the AoD, o/ , independent from
the AoA, o} whereas single-bounced rays have the AoA, o} dependent on the AoD
aft, and the AoD o7 dependent on the AoA . Frequen01es fRe® = vp/X and
fR%® = vg/A are the maximum Doppler frequencies of the Tx and Rx, respectively,
and A is the carrier wavelength. Finally, it is assumed that the phases ¢,,, @y, Gnm, are
random variables uniformly distributed on the interval |7, 7) and independent from
the angles of departure and the angles of arrival.
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From the geometrical model described above, the received complex faded enve-
lope of the link A%, — A% is a superposition of the single-bounced transmit, single-
bounced receive, the double-bounced rays, and the LoS and can be written as follows

9" = 951 + 95r T 905 T 9L0s (1.61)
Correlation functions of the components (1.51)—(1.54) can be expressed as [58]

I (m) Iy (\/M) (1.62)

Pq,Pq =
RYZ(07,0R,T) = NDB Io(kr)Io(kr)

5 max

Pq, P _ —j2=(§—q)SRr cos Or+j2 cos 4
RY ,[,(5,[,751{77-) = nggre I (§—q)0Rr cos Or+j2nTf S VR

Iy (\/ Ty + y.QSBT) (1.63)

8 To(kr)

max

RPQsﬁQ O cos Op+j2mT [T cos yr

. _i2mis
5 (0r, 0, T) = nspre /X P7P)

1o (/7 o) 164

Iy(kRr)

X

pq 27 _i2r
RS (51, 0 ) 0/ RopgRipge? X €080 3% bmcon
max mazx

% ej27"7'fT cosyr —j27T fR " cosYr

(1.65)

where

- 27T ~ max

TpB = jT(p—p)(STCOSGT — 3277 f7 % cos yr + kT cos pr

2m . ) . .
YpB = ]T(Z) — p)orsinfp — j2r7 fF% sinyp + kp sin pp

,271' ~ . mazx
ZpB = ]T(q —q)drcosOp — j2nT fR cosyr + kR cos ugr
2T . . . .
wpp = jT(q —q)0gsinfg — 27T fF*" sinyg + kg sin ug
21, . - .
yspr = j=-((6 = p)drsinOr + (7 — q)drAr sinfr)

max

— 2rr(fP* sinyr + fR* Arsingyg) + kpsin pp

2, . . .
YSBR = jT((p —p)orAgrsinfr + (§ — q)0rsinfbg)

— j2nr(fF " Arsinyr + fR* sinygr) + krsinug

ISBT = TDB

TSBR = 2DB
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In [58] it is shown that the normalized space-time correlation function between
two complex faded envelopes g??(t) and gP4(t) is defined as

RPUPA(§p 6, T) = RVSPY (67, 8, 7) + RELPI (87,6, T)

o ) o (1.66)

+ quéqu((ST OR,T) + Rg%%l(OT,5R,T).
Many existing correlation functions are special cases of the MIMO space-time cor-
relation function in (1.66) including all ones described previously in the chapter and
published in [56, 59, 55, 60, 61].

1.6 Wideband Channel Modeling

The Room FElectromagnetics (REM) theory has been developed in [62] in analogy
with the well-known theory of room acoustics [63]. Here, we will briefly introduce
some concepts of the room electromagnetic theory for room-to-room communication
because Chapter 5 this scenario is investigated. Basically, the REM describes the
PDP in indoor environments as a superposition of two parts: a LOS component (if
present) and the rest, which is composed of the diffuse multipath components. It is
supposed that the (weak) specular contributions are neglected in the dense multipath
components. This assumption is supported by experimental observations where the
contribution of the diffuse fields in the total power was 90% or more[64, 65].

Let us assume a transceiver located at a given position in an indoor environment.
If a signal pulse is transmitted in the room and turned off after a short time ¢ > 0, the
receiver records first the strongest path, typically the line-of-sight (LOS) component
if present. Afterwards, few specular paths due to reflections off the walls, ceiling, or
floor arrive at the receiver. For a given position of the transceiver, the specular paths
- LOS included - arrive at the receiver side with incident angles characterized by an
elevation angle O, and an azimuth ¢pr,, which are dependent on the transceiver’s
position and the room layout’s. Since the specular paths arrive at the receiver within
certain favored directions, they do not contribute to the establishment of the diffuse
fields, but rather consists of what is called here the primary components. During this
transient state, energy is not uniform in the room as the specular paths contribution
in terms of energy density differs from one direction to another one [66]. Besides the
specular reflections, there are also propagation phenomena such as scattering and/or
diffraction that establish the diffuse fields. Few specular paths stemming from consec-
utive random reflections may also favor the rise of diffuse fields. The transient and the
reverberant state are shown in Figure 1.10 and the corresponding powers are denoted
as primary and reverberant components, respectively. 7, is the arrival delay of the
first or strongest component and 7; is the end (respectively beginning) of the primary
(respectively reverberant) component. The power delay spectrum (or mean PDP) is
the superposition of both the primary and reverberant component and is expressed as
follows:

PDP = PDP,.; + PDP,., (1.67)

In dB-scale, the reverberant part is characterized by the slope of the PDP’s tail (Fig-
ure 1.10), and is independent on the transceivers’ location. However, the primary part
depends of the location of the transceiver. For instance, for a short (resp. long) Tx-Rx
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primary
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Figure 1.10: Modeling of the PDP in a reverberant environment.

separation, the transient state will last longer (resp. shorter) than if the Tx-Rx dis-
tance was longer (resp. shorter). Moreover, the transceiver’s location will influence
the power level of the primary components, which consists of the LOS if present and a
number of specular reflections. Consequently, if the node is mobile, then the primary
component’s power fluctuates over time (i.e. it is influenced by different types of fad-
ing). However, when the PDP is averaged over the measurement’s duration we obtain
a static power level of the Primary components.

1.6.1 Modeling of the Primary Components

The existence of primary components in indoor environments is well acknowledged
in the literature [67, 68, 69, 70]. However, the primary component is usually modeled
as a delta function, i.e., only one specular component:

PDPyi(10) = Po(10)"0(T — T0) (1.68)

where Py(7p) is the power of the primary or strongest component arriving with a
delay 79, and n is the path-loss exponent. Parameter 7 is determined by fitting the
experimental path gain obtained at different Tx-Rx distances.

The delta function is an approximation of the primary component. This primary
component model fits better for longer Tx-Rx separation, than shorter ones. This is
confirmed by several experimental measurements in indoor environments [71, 72, 70]
and simulations [73] where the contribution of the primary component in the total
power becomes negligible for larger Tx-Rx separation. However, when the transience
last longer, i.e., for shorter Tx-Rx separations, we model here the primary components
with a set of delta functions:

M
PDP,,(1) = Z Py(como + meore)0(T — 19 — MT), (1.69)

m=0
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where M and 7, are respectively the reflection order and the characteristic time-delay
that is required before a given ray makes one reflection in the room [74]. It has been
shown that a ray undergoing m reflection(s) off the surfaces before arriving at the
receiver has an arrival delay of 7 = m7,, where 7, depends only on the dimensions of
the room and is expressed as [74]:

8V

L= 1.70
Te COS ( )

where V', S, ¢y are the room volume, the total surface area of the room, and the speed
of light in free space.

In the model we consider reflections up to the second order, i.e., the primary com-
ponent consists of the LOS component, the first and second order reflected paths. The
average power of a ray bouncing m time(s) (m € {0, 1, 2}) is approximated by the
free-space gain equation:

am

Py(dg +megme)" = N
0(do 0Te) (do + meora)"

(1.71)

where NV is a constant depending on antenna properties, frequency, and transmitted
power, and a is the average reflection coefficient of the wall surfaces.

1.6.2 Modeling of the Reverberant Component

The modeling of the reverberant component is straightforward and based on the room
electromagnetic theory [75], [69]. The reverberation time of the considered room,
and the power corresponding to the beginning of the reverberant components (£, in
Figure 1.10) are the required parameters to model the reverberant component. An
empirical formula to determine the reverberation time as a function of the frequency
is derived in [75] and can be used to assess the reverberation time without resorting
to measurements. However, in this thesis, we consider a room-to-room wideband
scenario. The expressions of the reverberation time for in-room and room-to-room
communications are derived in [72].

The power level P,, shown in Figure 1.10 is the same as the primary component at
T = 77, since there is no discontinuity in the PDP:

Pp, = PDPyi(). (1.72)

If we include the time-delay dependency in the model, the reverberant component is
given by [67, 68, 69]:

(=)

PDPyey(7) = Ppe™ = ifr>m, (1.73)

=0 otherwise

where 7, is the reverberation time of the environment. The reverberation time is the
decay rate of the diffuse energy and has been experimentally and numerically inves-
tigated in various studies [68, 73, 72, 69]. The reverberation time for an in-room
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Figure 1.11: Young’s model [78]

scenario can be determined via the following expression [75]:

(f) = m(0.473f3 —24.9f% +321f — 254), (1.74)
av
= 57es (1.75)

where 7. and 2 < f < 10 are the reverberation time (ns) and the frequency (GHz),
respectively; b(f) is the average fraction of the energy absorbed by the surfaces in
the room at the frequency f. Once the reverberation time for in-room scenario is
determined, its value for the adjacent room scenario (room-to-room) is determined by
[72]:

Ty

Traje = T @S (1.76)

4V
where T, 4jc, T, and S are the reverberation time in adjacent room (i.e., the Tx
and the Rx are in adjacent rooms), the reverberation time when the transceivers are
in the same room (in-room scenario), and the surface of the wall separating the adja-
cent rooms, respectively. The average fraction of absorbed energy (hence the average
reflection coefficient, i.e., a = 1 — b) is further determined from (1.75).

1.7 Simulation Models for Fading Channels

Simulation of fading channels is commonly used as opposed to field trials, because it
allows for less expensive and more reproducible system tests and evaluations. There
are several different methods for channel simulation. The most widely accepted meth-
ods are filtered noise models [76, 77, 78] and sum-of-sinusoids (SoS) models [49, 50,
59, 54, 56, 58].

1.7.1 Filtered Noise Simulation Model

In [78] Young and Beaulieu proposed a method based on the inverse discrete Fourier
transform (IDFT). It is a modification of the Smiths algorithm [76] which was widely
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used for Rayleigh fading simulation. This method requires exactly one-half the num-
ber of IDFT operations and roughly two-thirds the computer memory of the original
method.

Rayleigh Fading can be simulated by adding two Gaussian Random variables. The
effect of Doppler shift is incorporated by modeling the Doppler effect as a frequency
domain filter. The model proposed by Young et.al is shown in Figure 1.11[78].

The combined effect of Doppler shift and fading is simulated by multiplying the
Gaussian Random variables and the Doppler Shifts Frequency domain representation.
Then IDFT is performed to bring them into time domain representation. The Doppler
Filter used to represent the Doppler Shift effect. The equation for the Doppler Filter is

0, k=0
—— k=1,2,... kmn—1

km | m km—1 _
\/ o [g—arctan(m)}, k=Fkn
0

Fa[k] = , k=kp+1,....,N—ky—1
\/ké" [% — arctan (—];’k";il)}, k=N —-—kpn,
— k=N—-kp,+1,.... N—2,N—1

2/1—(FFmtz )2

1.7.2 Sum of Sinusoids Simulation Model

The reference model for MIMO double mobile channels described in Section 1.5.2
assumes an infinite number of scatterers, which prevents practical implementation.
It is desirable to design simulation models with a finite number of scatterers, while
still matching the statistical properties of the reference model. Hence, in [58] Za-
jic et. al proposed a simulation model where the complex faded envelope is de-
signed as a superposition of the LoS, the single-bounced, and the double-bounced
rays. Assuming 2-D isotropic scattering and using the reference model described in
Section 1.5.2, the following function was proposed as a received complex faded enve-
lope: g71(t) = g7'(t) + 95/ (t) = R(gP(t)) + I(gP?(t)) where

(1.77)
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2P,
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+ KpApgsinOp cosay + 2wt f77 AR sinyp cos o + ¢n}

sm [Kp cos (0 — o) + 2wt f7'" cos (o — 7))

X sin [K sin (o — Og) + 2rt fR % sin (as — YR) + Pmn]
+ Pros cos [Kp sin O + K, cos (aﬁ?s HR) + 27t ( LOS fﬁos)]

By allowing amplitudes, phases, and Doppler frequencies to be random variables,
the proposed deterministic model can be modified to match statistical properties of
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the reference model over a wider range of normalized time delays, while at the same
time requiring a smaller number of scatterers around the Tx and Rx. The statistical
properties of this model vary for each simulation trial, but will converge to desired
ensemble averaged properties when averaged over a sufficient number of simulation
trials. The complex faded envelope is g"(t) = ¢7%(t) + g¢)' (t) , where functions
g7%(t) and gy'(t) are defined as in in (1.78) and (1.79), respectively. The angles of
departures and the angles of arrivals are chosen as follows:

2 _
o =05 (ﬂ LY ”) (1.80)

M M

2mn 0 —1
n
aR —

N N

(1.81)

form=1,...,M,n =1,..., N, respectively. The parameters ¢, B, Bn, 0 and
1 are independent random variables uniformly distributed on the interval [, 7).

1.8 Outline and Contributions

This thesis develops innovative modeling approaches for dynamic indoor radio chan-
nels. Given the complexity of the global channel, various aspects have been investi-
gated separately, based on different measurement campaigns at 3.8 GHz. However, all
these models share the same formalism and can be thought as extensions of a reference
narrowband representation. The contributions address therefore

* the non-stationary dynamics of narrowband channels: the new methodology
combines an accurate composite fading distribution with a new shadowing model
and a Markov chain approach to account for non-stationarity,

* the MIMO channel dynamics, highlighting the temporal variations of the direc-
tional behavior of the channel, linking these with the narrowband fading statis-
tics investigated earlier,

* the wideband channel dynamics, relying on an original hybrid model extending
the narrowband model by means of the room electromagnetics theory.

Furthermore, all models have been experimentally validated.

These contributions are organized into several chapters. Chapter 2 describes the
radio channel measurement system called Elektrobit Channel Sounder that was used
in the thesis. The main function of the system and necessary procedures are described
and explained. Next, popular high resolution algorithms used to estimate the channel
are discussed. One of the most successful algorithms (Space-Alternating Generalized
Expectation-maximization (SAGE)) is described in details. This chapter also contains
a description of the used antennas.

Narrowband indoor peer-to-peer channels are investigated in Chapter 3 based on
a wideband experimental campaign at 3.8 GHz in a typical office environment con-
sisting of different rooms aligned along corridor and separated by walls of different
types. Variations of small-scale fading statistics are analyzed and modeled using the
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SOSF distribution. In addition, second-order statistics are derived using a double-ring
model. The resulting implementation of a time-series generator of channel realiza-
tions is a combination of empirical first-order statistics and geometry-based channel
dynamics. To model the sudden changes of fading statistics, we introduce a three-step
approach: (i) for reflecting the sudden changes of the statistics, we define and param-
eterize a hidden Markov model [79], (ii) the parameters of the SOSF distribution are
modeled according to a Beta or an Extreme Value distribution, fitting the measure-
ments, (iii) fading realizations are generated [78]. Path-loss and Large-Scale fading
models extracted from the measurements are also presented.

In Chapter 4, we investigate narrowband MIMO channels based on a wideband
measurement campaign. The investigated environment is similar to the one described
in the previous chapter, but the measurement campaign was performed in another
building. This chapter contains a description of the procedure used to define the sta-
tionarity period, which later is used to extract SOSF parameters from measured MIMO
channels as well as directional statistics. We analyze and model the variations of first
order small-scale fading statistics using the HMM based approach presented in Chap-
ter 3. A measurement-based model of Angular Power Spectra is proposed. Geometry
based reference and simulation models for MIMO SOSF channels are presented and
later used to derive appropriate spatial correlation functions. The chapter contains
descriptions of the path-loss and large-scale simulation models.

A physical-statistical technique combining the Room Electromagnetic (REM) The-
ory for modeling deterministic channel components with a geometry based stochastic
channel model with time-variant statistics for modeling stochastic channel compo-
nents is proposed in Chapter 5. The model is based on a wideband measurement cam-
paign where the nodes were located in two adjacent rooms. The method enables the
reconstruction of the PDP in a room-to-room dynamic scenario, including effects in-
troduced by the mobility of the communication nodes. The prediction of the specular
reflections is improved since the motion of the transceivers is accounted for. The com-
bination of extracted first- and second-order statistics enables to implement a channel
impulse response (CIR) generator. To model the sudden changes of fading statistics,
we use a three-step approach presented earlier in Chapters 3 and 4. A model for large
scale variations of the CIR is proposed.
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Chapter 2

Channel Sounding and
Parameter Estimation

The measurement technique used to estimate the propagation channel properties is
called channel sounding. The name stems from a transmitter that ”sounds” (or ex-
cites) the channel, whereas the receiver records the channel output. The complexity
of the channel sounders increases according to their applications and measured sce-
narios. On the one side, directional channel properties are of interest for multiple
antenna systems while wideband wireless systems necessitate delay dispersion mea-
surements of the channel. On the other side, applications of channel sounding have
been evolving towards being able to measure the channel for more specific and com-
plex environments such as as indoor, industrial (metallic objects) and inter-vehicular
environments.

Stochastic channel models are based on measurements of the wireless propaga-
tion channel where parameters of the channel models are extracted from the measured
data. The wireless propagation channel can be measured in the time or frequency
domain. In time domain measurements, the channel is first excited with pulses or
Pseudo Noise (PN) sequences generated deterministically and then the channel im-
pulse response h(t,7) is calculated. The PN sequence normally has a good time-
bandwidth product and each element is named as chip. On the other hand, frequency
domain measurements acquire the transfer function H (¢, f) by using a chirp signal
(frequency increase or decrease with time) or a multi-tone signal (flat spectrum and
low peak-average ratios) to sound the channel.

The synchronization between Tx and Rx units is crucial for channel measure-
ments. Frequency offset between local oscillators can cause phase rotation. Conse-
quently, the IR delay can be shifted. To overcome this issue, two units can be con-
nected with coaxial or fiber-optic cables to send a synchronization signal. However,
it is only possible for short range measurements, e.g., indoor scenario. Therefore,
atomic clocks are usually employed in the sounding equipment to keep them synchro-
nized for long range measurements. The synchronization of both units can be done at
the beginning of the measurement campaign.

The band-limited time-invariant measurements can be performed by sampling
channel at Nyquist rate such that:
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* The period T;..p, with which the periodic pulses are sent by the Tx unit repeat-
edly, must be shorter than the coherence time of the channel

1
Trep <

2.1)

lel[E

where V4, s the maximum Doppler frequency.

* Tep should be greater than the maximum excess delay of the channel in order
to avoid overlap between consecutive sounding signals

Trep > Tmaz (22

These two conditions jointly give the equation for the two-dimensional Nyquist crite-
rion
2V’maa:7-maz S 1 (2'3)

If this criterion is satisfied, the channel under investigation is said to be underspread.

Similarly, for MIMO channels measurements, some specific conditions needs to
be fulfilled: the channel responses for all possible combinations of Tx and Rx antenna
elements have to be measured in MIMO channels. For this purpose, following three
techniques can be applied

* Real arrays: each array has its own RF chain, the channel can be measured
simultaneously at different receiver elements. However, this costly approach
requires a complex calibration procedure.

» Switched arrays: only requires one RF chain at the Rx. Fast RF switches control
the switching between different Tx and Rx elements, such that only one antenna
pair is measured at a time.

* Virtual arrays: a single antenna at each side of the link, MIMO measurements
can be performed by mechanically moving the antenna to predetermined posi-
tions.

2.1 The Elektrobit Channel Sounder

The Elektrobit channel sounder is a radio channel measurement system operated at a
carrier frequency range of 3.4 to 4.2 GHz and based on the switched array principle
[2]. It mainly consists of two units, a Tx unit and a Rx unit, as shown in Figure 2.1.
The Rx unit is further connected to the Data Acquisition (DAQ) module. A user
controls the measurements and changes the settings at the Tx or Rx unit according
to the goal by using Real Time Control Software (RTCS). It is accessed through a
control notebook connected to each unit with a Local Area Network (LAN) cable.
The Elektrobit channel sounder transmits and receives a PN sequence to determine
the channel IR. The Tx generates a PN sequence, modulates and up-converts to the
desired center frequency. Conversely, the received signal is down-converted at the Rx
side and demodulated into I/Q format.

An important concept of the channel sounder is the timing, where a chip is basic
unit represents one symbol of a code. The chip rate controls the timing such that


http://www.novapdf.com/

2.1. The Elektrobit Channel Sounder 37

X = L
e <

Real Time Display

Control Switching & Control
Notebook Matrix \ Notebook
Up
Converter
P =
Code AR E %
Generalor =
Transmitter Post-Processing:

Matched Filter &
Super-Resolution

Figure 2.1: Block diagram of the Elektrobit channel sounder [2]

higher chip rate achieves better delay resolution of the IR. The delay resolution (7;.)

can be expressed as
1

k& fch . Nsc ' (24)
where N, is the number of samples per chip and f., = B/2 (B is the bandwidth).
A transmission code consisting of several chips must shorter than the time for which
the channel can be considered static (i.e. the Doppler period) but longer than the
maximum measurable delay in the propagation scenario. The dynamic range can be
improved due to the fact that long codes provide processing gain. The measurable

excess delay (7¢) is

7y = Neh 2.5)

f ch

where N, is the code length in chips. Each Tx antenna transmits a number of codes
equal to the receive antennas and a guard code required for moving the Tx switch to
the next antenna, thus total number of codes for each acquisition cycle are N,, =
Ap(Ag + 1). Figure 2.2 shows the described switching principle. The fast switches
of each unit, connected to multiple antennas, enable the channel sounder for MIMO
measurements. Once all the Tx and Rx antennas are scanned, the acquisition cycle
is accomplished. In addition, Doppler frequency of the time-variant channel has to
be sampled according to Nyquist criterion, therefore, the minimum channel sampling
rate is expressed as

f cs — %21)&
where vy, is the maximum speed of the mobile terminal, v is the maximum speed
of the scatterers and V) is the number of wished channels per wavelength. In a high
Doppler frequency scenario, the cycles can be measured in bursts mode. In this mode,
where cycles are measured for a certain time, and then data is stored on the disk for
rest of the time, without taking measurements.

N, (2.6)
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Figure 2.2: Timing concept[2]

The synchronization of local oscillators at the Tx and Rx employing Rubidium

clocks is critical in measurement campaigns. Even a small frequency offset can lead
to phase rotation (Doppler) and sliding of the delay. To synchronize the sounder the
following two steps must be performed:

* the clock synchronization, where the relative phase rotation is minimized by

tuning the Rubidium clocks,

* the time tag synchronization, where a common absolute time reference is allo-
cated to both units.

In order to compensate the system and cable losses, a calibration measurement

before the data acquisition is essential. Actually, it is measurement of a well-defined
channel, usually an attenuator of a certain attenuation which is back-to-back con-
nected to both units through RF cables. After successful synchronization and calibra-
tion measurement, two units can be moved without external power supply after putting
on Clock Keep Alive (CKA) mode. Inputs parameters or sounder settings can be ad-
justed with the help of ”Setup Wizard” in the controlling laptop. The range of input
parameters to be defined before measurements is provided in Table 2.1. While dif-
ferent methods can be used to identify measurement locations, the Elektrobit channel
sounder has capability to store the location of the Rx by Global Positioning System
(GPS) together with the measured data stream (time-tagged), when GPS coverage is
available.
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Table 2.1: The range of channel sounder parameters to be defined before a measure-
ment campaign

Parameter | Range
Center frequency 3.4t04.2 GHz
Transmit power 23 dBm (default value)
Bandwidth 1.563 to 200 MHz
No of samples per chip 1to 10
Max. path length min.code length chips
Channel sampling rate 0.011 to 1358.911
Max. mobile speed min.channel sampling rate
Tx antennas 1to8
Rx antennas 1to8

2.2 Parameter Estimation with High Resolution Algo-
rithms

A detailed knowledge of delay, angle and Doppler characteristics of channels are nec-
essary for the development of MIMO systems that employ diversity multiplexing tech-
niques. For this reason, signal processing techniques have been developed or adapted
to estimate those propagation parameters from measurement campaigns.

An important issue is that channel measurements need to yield enough resolution
in the specific parameters of interest. The most interesting case concerns directional
information, i.e. the employment of arrays of antennas. The following three array
techniques mentioned above can be used [24]: (i) real arrays, (ii) multiplexed arrays
and (iii) virtual arrays. If a system with NV receiving antennas is considered, it is nec-
essary that during the acquisition of N measurements the propagation environment
could be considered static. In real arrays, measurements are done simultaneously, at
the cost of a complex architecture. With virtual arrays only measurements in static
environments are possible as the time employed to mechanically scan all the array
positions is much larger than the coherence time of any time-variant channel. Multi-
plexing arrays are a trade-off between complexity and velocity of acquisition.

The most successful high resolution algorithm is probably SAGE [80], a maximum-
likelihood based estimator which is able to extract from measurement the joint angular-
delay-Doppler characteristics of propagation paths as well as their polarization matrix.
Another advantage of this method is the capability to work also with contributions with
small amplitude. The output information of SAGE high resolution algorithm for each
ray are:(i) delay of arrival 7, (ii) azimuth of departure g, (iii) azimuth of arrival ¢,.

RIMAX [81] is another maximum likelihood estimator with the advantage of
jointly evaluating specular and diffuse component parameters and that is also able
to inherently provide the variance of the parameters as measure of their reliability.

SAGE algorithm was later implemented by Elektrobit (so-called Initialization and
Search Improved SAGE (ISIS)) [82]. In multi-antenna channel characterization the
ISIS software enables the estimation of e.g. the following characteristics of the double-
directional wideband radio channel:

1. Number of significant propagation paths
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Figure 2.3: Elektrobit channel sounder

2. Doppler frequency

3. Propagation delays

4. Power delay profiles

5. Angle of arrival at the receiver in both elevation and azimuth

6. Angle of departure at the transmitter in both elevation and azimuth
7. Polarization matrix of the propagation paths

8. Rotation direction of polarization

2.2.1 SAGE Algorithm
Signal model

Let us assume a MIMO channel sounder measurement where the transmitted signal at
each transmit antenna is the baseband signal (7). The contribution of the {—th MPC
to the Ay x Apg samples from the transmit array to the receive array can be stacked
ina ArAr x 1 vector:

s(r, ;) = vec{C’,«(in)“/lCt(Qg:l)u(T —7)} 2.7
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where ©; = [Q,.7, € 1, 71, V1] is a vector containing the parameters of the [—th propa-
gation path (directions of arrival, directions of departure, propagation delay and polar-
ization rotation matrix of the {—th MPC respectively. The matrix C,.(Q,;) is a Ag x 2
matrix, where each column represents the response of the receive array in the © and
the ¢ polarization in direction €2, ;, and matrix C; (€2 ;) is a A7 x 2 matrix, where each
column represents the response of the receive array in the © and the ¢ polarization in
direction €2y ;. The contribution of L MPCs is then given by:

s(r,0) =Y " s(r,0)) (2.8)

=1

If the channel is composed of . MPCs, the total measured channel (stacked in a
ArAgr x 1 vector) can be written:

L

y(r) = Z s(7,0p) + %N(T) (2.9)
=1

where Ny is the noise power and N(7) denotes A7.Ag-dimensional zero-mean unit-
variance complex Gaussian noise vector.

Expectation-Maximization algorithm

The problem at hand is the estimation of the L parameter vectors ©;, given an ob-
servation y(7) [82]. In practice, the number of MPCs L is fixed large enough to
capture all significant MPCs (for example 20 in [83]). The log-likelihood function of
© = [O1...0], for a certain observation y(7) over an observation span 7} is given
by:

Mo a2 [ R m ey~ [ [sre)ti 10

T() TO

The maximum likelihood estimate (MLE) of © is the value for which the log-likelihood
function is maximum:

Oni(y) = argmax{A(O,y)} (2.11)

In the case of MIMO propagation channels, the computation of O r(y) is an ill-
conditioned 5L —dimensional optimization problem (L MPCs with 5 parameters per
MPC to estimate). This becomes computationally prohibitive when L increases. An
alternative approach must be considered to resolve the MLE problem.

The Expectation-Maximization (EM) algorithm is an iterative procedure for solv-
ing ML problems in case where part of the data is missing or censored [82]. If the
superimposed signals can be assumed to be independent, then it can be used to deter-
mine superimposed signals corrupted by additive noise. The EM algorithm is based on
the notion of complete (unobservable) and incomplete (observable) data. Observable
data for one propagation path is given by:

() = 57,00 + VG| SN ) 1)
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where N(7) is a zero-mean unit-variance complex Gaussian noise and (; is a real
coefficient between 0 and 1, chosen so that {\/(1Ni(7),...,v/{Np(7)} forms a
decomposition of N(7). The complete data is related to the observable data by:

y(r) =Y a(r) (2.13)
=1

if 1(7),...,zr(7) are independent, the components x;(7), [ # 1 are irrelevant for
the estimation of ©;. The log-likelihood function of ©; for the observable data x;(7)
is then similar to (2.10) and given by:

A©, 21) oc 2 R{SH(T,@)xl(T)}dt—/T||s(7’,9)||2dt (2.14)

To

It is shown in [82] that, when inserting (2.7) and (2.8) in (2.14), the value of any
propagation parameter(€2,.;, 2 ;, 7, or ;) that maximizes A(©, x;) can be derived in
a closed form as a function of the other propagation parameters. When substituting
this value in A(O, x;),the ML estimate is obtained as follows

(él)ML(xl) = argmax{z(0;,z)} (2.15)

In these equation, z(©;,z) = f(0,)"D(2.,,Q1) 1 f(©) is the cost function,
where f(©;) is the unnormalized double-directional beamformer applied on z;:

o 1)

fe) = & ’g (2.16)
) 1
Tr 1)

In the above expression, X;(7;) is a Ar X Ay matrix. Each element of the matrix is
defined as follows:

Xigp(m) = /T u* (T — )Xy q,p(T)dT (2.17)
0

where 27 4. ,(7) is the [(p — 1) - Ag + g]—th element of z;, in other words the element
corresponding to transmit antenna p and receive antenna q. The factors D(9, 1, ;)
and P are the double-directional beamformer’s normalization factors defined as

D(20,%,) = [Cro(Q0) Cro(Q))] ® [Cro(@) Cro(Qui)]  (2.18)

P:/ u(T)dr (2.19)
To

The 5L —dimensional optimization problem is thus reduced to L different 5-dimensional
optimization problems (2.10),(2.14).

The remaining question is how the observable data x;(7) can be successfully es-
timated, based on the observation y(7). An estimate of #;(7,©’) can be given by
[82]:

L
&(1,0]) =y(r) — Z s(r,0)) (2.20)
V=10#1
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It is clear from (2.20) that the observable data x;(7) for each MPC [ is estimated by
removing the current estimate of all other MPC from the observation data y(7).

Equations (2.20) is usually referred as the Expectation (E) step and (2.15) as the
Maximization (M) step. At each iteration, the observable data is estimated using on
the latest parameter estimates (E step), and then the parameter estimates are updated
(M-step). The remarkable property of the EM-algorithm is that the log-likelihood
function cannot decrease because of the particular form of A(©,y). It can also be
shown that the parameter estimate sequence will converge to a stationarity point if the
initial guess of the parameter estimates is not too bad.

SAGE algorithm

The Space-Alternating Generalized EM (SAGE) algorithm is a slightly modified ver-
sion of the EM algorithm. In the SAGE algorithm, subsets of the parameter estimates
©; can be estimated separately as long as the different parameters of the parameter
space can be considered as independent. This makes possible to reduce the L 5-
dimensional optimization problems (2.15) to 5L one-dimensional optimization prob-
lems.

In the SAGE algorithm, the following E-step and M-step are repeated iteratively
for each MPC [, where ©; represent the parameter estimate for MPC [ before the
iteration and ©]’ represent the parameter estimate for MPC [ after the iteration:

* I — step : In the E-step, an estimation of the observable data is performed
(2.20).

* M — step : The procedure for updating the parameter estimate from ©; to ©}
are decomposed in 5 different optimization problems:

j’l”:argmaxz( rl? 1a¢t1» tl?Tlvxl)
(?Z,z:argmaxz 0 rl7¢w Ll»f'l”vfl)
¢y, = argmax 2 b, (?”l,¢tl, LT )
rl? rl?¢tl7®tl77_l7 i)

6”17¢Ll7 tl 7'1 all)

Of, = argmax 2

(¢]
(
. (¢
¢/, = arg max z(

One SAGE iteration is defined as the combination of the E-step and the M-step for
all L MPCs. Note that during the E-step of the [—th MPC, the new estimates of the
first | — 1 MPCs can be used for the computation of the observable data of the [—th
MPC. Convergence of the algorithm is achieved when the difference in the parameter
estimates between two consecutive iterations drops below a certain threshold. The
initial value for the parameter estimates will be discussed in the next subsections.

2.2.2 [Initialization Procedure for the SAGE Algorithm

The cost function z(©;; ;) in (2.15) that has to be maximized can have several local
maximum in the 5-dimensional parameter space. As it was mentioned above, a good
initial guess for the parameter estimates is necessary so that the algorithm converges
toward a correct result. In this section, the initialization procedure for the SAGE al-
gorithm that has been used in this thesis is described. It is based on Successive Inter-
ference Cancellation (SIC), where each estimate is used to redetermine the observable
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data. The initialization E-step is a simplified version of (2.21). The observable data is
estimated by removing the contribution of the already estimated MPCs:

() =y(r) =Y s(r.0}) (2.21)

The initialization M-step will perform a non-coherent estimation of the delay data
on y;(7) (in propagation terms, this is finding the delay corresponding to the maximum
of the power delay profile), followed by a joint non-coherent estimation of (O, ¢;;)
on y(7):

79 = argmax{|| [ w*(r — n)gu(r)dr|} (2.22)
J,

(69),69)) = arg max{[[Y1(3”) - Ce(©r.1. 6.1) 1%} (2.23)

where Y (ﬂ(o)) is defined similarly to (2.17) with y;(7) instead of x;(7). Finally, a

joint coherent estimation of (Ogol , Eol ) on y;(7) is applied:

(O, 60) = argmax(s (#2600, 6901,601) "

1 (2.24)

D(60.690,16.0) 1 (7.69.696,1.6..))
where f is defined similarly to (2.16) with y;(7) instead of x;(7). In order to keep
these two last estimations computationally feasible, a large angular step is chosen to
get a first rough estimate of the angles of departure and arrival. These angles will be
refined during the iteration steps of the SAGE algorithm.

2.2.3 Measurement Setup Considerations When Extracting MPCs
with SAGE

When using SAGE to extract MPC, it has been seen in the previous subsections that
several hypotheses have been made:

* The plane wave assumption holds for all MPCs.

The different MPCs are independent.
* The propagation parameters are independent.

* The MPCs have to have a certain SNR to be detected and to be estimated as
reliable by SAGE (this is not an actual hypothesis, but merely common sense).

These assumptions can be also called as the requirements for planning of a mea-
surement campaign: close obstacles should be avoided, to maintain the plane wave
assumption. The measurement range should be limited, in order to keep sufficient
measurement SNR to have reliable estimates for the MPCs. The measurement SNR
can also be adapted with equipment setup considerations (increased transmit power,
longer PN-sequences for channel sounders, etc. )
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Another important factor that has not been detailed is the impact of the type of
antenna array that is used for the measurement. If a linear array is used, it is easy
to notice that the elevation of the MPCs will not affect the phase shift between the
different elements of the array. A linear array can thus not be used to estimate the
elevation of the MPCs, but only the azimuth of the MPCs. If a circular or a planar
array is used, it will give the azimuth of the MPCs, but an ambiguity will remain
for the elevation on whether the MPCs comes from an angle 6; or an angle = — 6.
Only three-dimensional arrays can give the azimuth and elevation of an MPC without
ambiguity.

The angular resolution of the array is not a limiting factor for high resolution
algorithms like SAGE, but a higher angular resolution (thus more antennas) will give a
faster convergence and a more reliable result for the angular estimates. The bandwidth
and oversampling factor used for the measurements will intrinsically limit the delay
resolution for the estimation of the MPCs’ delay. Furthermore, regarding polarization,
it is important to have antennas with a sufficient gain for all polarizations to have
a good resolution for all polarizations in all directions. Although it is theoretically
possible to estimate the horizontal polarization with only vertical antennas, the small
error that is made when measuring the horizontal polarization of the vertical antenna in
an anechoic chamber will be amplified in the SAGE algorithm, yielding an unreliable
result for the horizontal polarization of the MPCs.

In order to avoid unreliable result, only parameters for which the measurement
setup has sufficient resolution should be extracted with the SAGE algorithm.

Regarding the estimation parameters used to process the measured data, we could
refer to [83]. The data obtained during one sounding cycle (I = 1) were processed
with the SAGE algorithm to extract the complex weight, the propagation delay as
well as the azimuths and co-elevations of departure and of incidence of 20 waves.
Five iteration cycles were performed to calculate the above estimates. The selected
quantization steps is 0.1 deg in azimuth domain.

For this thesis an Uniform Circular Antenna (UCA) was used because azimuth was
the point of interest. Next section is dedicated to description of the antennas which
have been used for measurement campaigns on which this thesis is based on.

2.3 Antennas

In the measurement campaigns performed for this thesis two kinds of antennas were
used: custom made omni-directional dipole antennas (with a gain of 1.75 dB) and
a circular antenna array (see Fig 2.4). The antennas were connected to the 8-port
switches of the transmitter and receiver of the channel sounder(or directly to the Tx/Rx
unit, depending on the campaign) using long low-loss RF cables, which had equal
length. The RF cables had excellent RF stability, even when they were slightly bent
or moved during the measurements.

2.4 Conclusions

This chapter has presented measurement tools to characterize the wireless propaga-
tion channels in this thesis. First, the channel sounding approach has been described.
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Figure 2.4: Used antennas
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Various aspects such as synchronization issue, important limitations and techniques
have been discussed. Second, the Elektrobit channel sounder has been presented
as the practical commercial implementation of the theoretical concept. Main prin-
ciples of hardware and software used for measurement campaigns were described.
Next, important characteristics and parameters of the Elektrobit channel sounder have
been presented. High resolution parameter estimation algorithm (SAGE-ISIS) was
described. Finally, we completed the description of the equipment used in the mea-
surement campaigns with presenting the antennas.
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Chapter 3

Single Antenna Narrowband
Channel Modeling

In this chapter, we investigate narrowband indoor peer-to-peer channels based on a
wideband experimental campaign at 3.8 GHz in a typical office environment consist-
ing in different rooms aligned along corridor and separated by different types of walls
(in contrast to [3], where a single large room with partitions was considered). Key
contributions are as follows

* We analyze and model the variations of small-scale fading statistics based on
measurements and using the so-called second-order scattering fading (SOSF)
distribution [19, 3] which reflects any combination of Rician, Rayleigh, and
double-Rayleigh fading [23]. In addition, second-order statistics are derived
using a double-ring model [59]. The combination of empirical first-order statis-
tics and geometry-based channel dynamics enables to implement a time-series
generator of channel realizations.

* To model the sudden changes of fading statistics, we introduce a three-step ap-
proach: (i) for reflecting the sudden changes of the statistics, we define and
parameterize a hidden Markov model [79], (ii) the parameters of the SOSF dis-
tribution are modeled according to a Beta or an Extreme Value distribution,
fitting the measurements, (iii) fading realizations are generated [78].

Details of the measurement campaign are provided in Section 3.1. Section 3.2 intro-
duces the approach to represent non-stationary fading statistics and details the empiri-
cal model parameters. The proposed equivalent geometry-based model for second-
order scattering fading (SOSF) is presented in Section 3.3. Section 3.4 describes
the path-loss and Large-Scale fading models extracted from the measurements and
provides an implementation summary and simulation results of the model, which is
validated against measurements.
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Figure 3.1: Floor-plan of peer-to-peer measurements

3.1 Measurements

3.1.1 Environment

The channel measurement campaign was carried out at the Université Catholique de
Louvain (UCL), Louvain-la-Neuve, Belgium, in Fall 2009 (see Figure 3.2). The inves-
tigated environment was located on the first floor of an office building, and consisted
of typical offices along a corridor separated by brick or plaster-board walls, as illus-
trated in Figure 3.1. Circles indicate mobile nodes (moving in random directions with
the walking speed v = 1 m/s), squares indicate static nodes; receivers are addition-
ally marked by a cross. Two different types mobility scales were investigated: limited
motion (over a small area, i.e. within a square of 1 m?) and extended motion (over
a larger area, i.e. throughout the whole room they were in). Depending on the node
mobility, peer-to-peer channels were measured for four sub-scenarios :

* single-mobile links (where only one node is moving),

* double-mobile links (where both nodes are moving),

* links between static nodes(in the absence of moving people in corridors)

* links between static nodes(where a few people moved along the corridors).

For links between static nodes (in the absence and presence of moving people in cor-
ridors), channel statistics were investigated in [18]. Hence, this chapter only considers
links between mobile nodes.
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(b) Corridor

(c) Receiver 6 (d) Transmitter 1

Figure 3.2: Pictures of the measurement campaign
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Table 3.1: Measurement Parameters (After Post-Processing)

Parameter Value
Center frequency 3.8 GHz
Transmit power 23 dBm
Measurement bandwidth (null-to-null) 50 MHz
Bandwidth (post-processed) 30 MHz
Recorded frequency tones F' 121
Recorded time samples Ny 300
Measurement duration 113 s
Code length 2047

3.1.2 Equipment

The measurements were carried out be means of UCL/ULB Elektrobit PROPSound™
CS at a carrier frequency of 3.8 GHz, using the switched-array principle. The sounder
was calibrated twice (before and after measuring channels). The distributed nodes
were connected to the 8-port switches of the transmitter and receiver of the channel
sounder using long low-loss RF cables, which had equal length. The RF cables had
excellent RF stability, even when they were slightly bent or moved during the mea-
surements. At the nodes, custom-made dipole antennas with a gain of 1.75 dB and an
almost omnidirectional radiation pattern (see Figure 2.4 e) were used.

The channel sounder used long pseudo-noise (PN) sequences to estimate the im-
pulse response of the radio channels between all combination of Tx and Rx nodes.
The measurement parameters are summarized in Table 3.1. The recorded channel
transfer function is denoted by H[t, f, j], where ¢ denotes the time index, f denotes
the frequency index, and j denotes the link index (one link joining one transmit node
to a receive node).

3.1.3 Concepts of Data Analysis

The channel results from the addition (when expressed in logarithmic scale, i.e. in
decibels) of path-loss A, LS fading S(¢) and SS fading G(t). The path-loss is con-
stant over time for a given link, and only depends on the distance between the nodes,
whereas large- and small-scale fading are time-variant. Let us define the average re-
ceived power as

Ns F
ZZ t, £, 411% (3.1)

1f=1

where t and f denote the time sample and the frequency tones respectively.

It turns out that the minimum stationarity time of SS fading equals 0.8 s. Ac-
cordingly, the length of the sliding time window 7}, used to define the time-variant
average power as the received power averaged over all tones was chosen to be 20 time

samples (corresponding to 522 - 20 = 7.5 s) and the size of sliding shift of the time
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window equals 2, so that the time-variant average power can be written as

1 t+Tav/2  F
Plt.j] = > D IHIEL LA (32)
TooF
t=t—Ta,/2 f=1
Consequently, we obtain 1" = A ’g 2 — 141 realizations of P [t, 7] which allow us

to evaluate the time-variant average power each 111215 =0.8s.

Based on these two definitions, we may evaluate

* the path-loss exponent 7 by fitting the log-log variation of P[j] over the average
distance d; between the nodes of link j,

_ _ I
P[JHdB — P()ldB —n-10logy, <i) ) (3.3)

where P, denotes the reference power at the reference distance dy = 1m [84],
[85],

¢ the LS fading (in decibels)

. = d; .
S[t, j] = Polag —n - 10logy (d—;) — P[t, jllaB, 34
* the SS fading (in natural scale)

the fading amplitude being then simply defined as g = |G|.

To extract first-order statistics of time-frequency fading, 7" blocks of T, x F' of
realizations can be used.

For a given link j, LS fading can be expressed as the sum of a mean value and
a time-variant component, so that S[t, j] = S[j] + S[t, j]. Mean LS fading S[j] is
related to time-invariant site-specific obstructions of the link including the influence
of different effects such as refraction, diffraction, reflection, and absorption in envi-
ronment (furniture, static people etc.). Hence, S[j] is a random variable depending
on the environment. Large-scale fading S [t, 7] is caused by the mobility of scatter-
ers and so-called body fading or shadowing (due to the changing orientation of the
person holding the device). Additionally, when nodes are moving over a large scale,
it is caused by the mobility of the stations themselves cannot be considered as static
unlike the case of limited motion of the nodes. Therefore, we expect the standard de-
viation o to increase in the case of extended motion. Dynamic LS fading can also be
expressed as

S[t.j] = =[P[t. jllan — S[jl]- (3.6)

Note that we can normalize fading so that E{¢g?} = 1, the expectation being
conducted over time or frequency.
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3.2 Experimental Characterization of Non-Stationary
Time-Frequency Fading Statistics

3.2.1 SOSF Parameters Extracted From Measurements

As it is shown in Chapter 1, small-scale fading over time and/or frequency can be de-
scribed by a single distribution called SOSF distribution which is specified by two pa-
rameters « and § presented in (1.39) and (1.40). Temporal behavior of the parameters
can be estimated from experimental time-frequency fading realizations by iteratively
fitting the SOSF probability density function assuming a moment-based estimate as
starting point [47].

Looking at the values of a(t) and B(¢) in Figure 3.3, we observe that the five
groups presented in Section 1.3 (Rice, Rayleigh, Double Rayleigh, Rayleigh-Double
Rayleigh and a combination of Double Rayleigh and LOS) describe the major part of
measured small-scale fading realizations. For reasons of simplicity, we neglect points
in the middle zone (where 0 < a < 1,0 < 8 < 1 and o + 3 # 1), which occur only
with a very low probability(~ 1%).

Figures 3.4 a, c show time-variant changes of the parameters «(t) and S3(t) for a
typical double-mobile channels. We see that predominantly Rayleigh-double-Rayleigh
fading (8 = 0,0 < a < 1) occurs. Only scarcely we observe an impact of LOS (see
Figure 3.4 ¢) or pure double-Rayleigh fading.

Looking at the single-mobile channels in Figures 3.4 b, d, we observe that Rayleigh-
double-Rayleigh fading remains the main fading mechanism. However, Rayleigh fad-
ing (& = 0,5 = 0) and Rician fading (o« = 0,0 < S < 1) occur with a higher
probability than in the case of the double-mobile channels.

The distribution of the parameter o for the Rayleigh-double Rayleigh subset (see

Figure 3.3: Measured parameters of SOSF realizations for Double mobile channels
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Table 3.2: Evaluated parameters of the time-frequency SOSF distribution for different
mobility scenarios

Subset | Single Mobile | Double mobile

| Distribution | Distribution
Rician K ~ pep(—1.15,3.6),a =0 | K ~ pe,(—1.83,3.68),a =0
RDR a~ps(1.8,085),8=0 | o~ ps(2.080.79),3=0
DRLOS A ~ ps(1,1.9) A ~ ps(1.32,2.73)

Table 3.3: Probabilities of the subsets

Subset | Single mobile | Double mobile
Rician 0.12 0.05
Rayleigh 0.03 0.02
RDR 0.78 0.86
Double Rayleigh 0.05 0.06
DRLOS 0.02 0.01

Figures 3.5 a, b) is found to be well approximated by the Beta distribution

I'(p +p -
pa(xlp1,p2) = W'ﬁp !

(1— )1, (3.7
where I'(-) denotes the Gamma function. For the DRLOS distribution, we define A =
v/ (1 — a)? 4 32, denoting the set of points on the line a+ 5 = 1. Parameter A is also
found to be Beta-distributed (see Figure 3.5 ¢, d). Finally, the distribution of the K-
Factor in Rician fading, K = %, can be modeled by Extreme Value distribution(see
Figure 3.5 ¢, f),

pev(l’|,u70') _ 0_—16(70;”6(—@(%)) (3.8

when the K-factor expressed in decibels.

Eventually, probabilities of the subsets and a probability distribution of the SOSF
parameters within the subset can be estimated(see Tables 3.3 and 3.2). Note, that
a high probability of occurrence for Rayleigh - double Rayleigh fading is observed
(78 — 86%).

Note, that the values of «(¢) in Figures 3.4 (a, ¢) are slightly higher in the case of
extended motion. However, for reasons of the final model’s simplicity, the parameters

Table 3.4: Values of the parameter 7 for the autoregressive model

| Parameter

Subscenario | TK | Ta | TA
Double Mobile | 1.1s | 3.1s | 1.3s
Single Mobile | 1.4s | 2.8s | 15
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shown in Table 3.2 are calculated for the whole set of channels (limited and extended
motion scenarios together).

The temporal autocorrelations of the parameters «(t), K (t) and A(t) can be mod-
eled by a decreasing exponential function. Hence, an autoregressive process can be
used to generate autocorrelated values of the parameters of a SOSF channel over time
samples (t = [1,--- ,T]):

alt) =e 2 Tea(t— At) + V1 — e 28 t/Tag, (1), (3.9)
A(t) =e 2 U A(t— at)+ V1 —e 28 tmaga(t), (3.10)
K(t)=e *YKK({t— A t)+ V1 — e 25t/ g (t), (3.11)

where z,, A, Tx are time series of length 1, whose values are drawn independently
from the distributions described by Table 3.2. The parameters 7 are extracted from
measurements and given in Table 3.4. Finally, A ¢ is the desired sampling rate which
is equal the stationarity period of 0.8s.

Using modeled values of the parameters v and 3, the weights in (1.36) can be
calculated as

K
wo=/B=" e (3.12)
w1 =vV1—a-— :\/1—a—1+LK, (3.13)

3.2.2 Hidden Markov Model

Transitions between different fading states can be modeled by a hidden Markov model
(HMM) [79]. Usually, the system being modeled by a HMM is assumed to be a
Markov process with unobserved (hidden) states. Since the SOSF distribution reduces
to the five distributions of small-scale fading highlighted above, we model the tran-
sitions between the subsets using a five-state HMM: (i) Rican fading, (ii) Rayleigh-
double-Rayleigh fading (iii) pure double-Rayleigh fading, (iv) pure Rayleigh fading
and (v) DRLOS fading.

Using measured data, the state transition probabilities have been estimated for the
two sub-scenarios (see Table 3.5)

3.3 Double-Ring Models For Peer-to-Peer Radio Chan-
nels

The ultimate goal of this chapter is to present a radio channel simulator taking into
account both first- and second-order statistics of small-scale fading. However, the
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Table 3.5: Transition matrices
Single mobile

Subset Rician = RDR DRLOS Double Rayleigh
Rayleigh

Rician 0.77 0.19 0.01 0 0.03

RDR 0.03 0.93 0.01 0.02 0.01

DRLOS 0.05 0.44 0.50 0.01 0

Double Rayleigh 0 0.24 0.01 0.75 0

Rayleigh 0.13 0.40 0 0.01 0.46

Double mobile

Subset Rician = RDR DRLOS Double Rayleigh
Rayleigh

Rician 0.68 0.26 0.01 0.01 0.04

RDR 0.02 0.95 0.01 0.01 0.01

DRLOS 0.03 0.60 0.36 0.01 0

Double Rayleigh 0 0.29 0.01 0.70 0

Rayleigh 0.10 0.54 0 0 0.36

measurement setup does not permit to extract appropriate second-order statistics. For
this reason, we need to propose an equivalent representation that is compatible with
measured first-order statistics but further enables to model second-order statistics. Ge-
ometrically, each room along the corridor can be represented by a local ring of scat-
terers around a given node. As the nodes were located in different rooms, the corre-
sponding geometry of any given link can indeed be represented by two different rings
of scatterers.

3.3.1 Generalized Reference Double-Ring Model for SOSF Chan-
nels

The double-ring geometry [59] used to fit a reference model to the SOSF formalism
is illustrated in Figure 3.6. Transmitter (Tx) and receiver (Rx) are denoted by Or
and Op, respectively; R and Rp are radii of rings which are formed by scatterers
ST (m=1,2,...M) and S%(n =1,2,...N) located around the transmitter and the
receiver. The symbols o' and o} denote the angle of departure (AoD) of the m-th
transmitting wave and the angle of arrival (AOA) of the n-th receiving wave, respec-
tively. The following assumptions are made: (i) the nodes move with speed v and
vg in the direction determined by the angle of motion yp and g for the transmitter
and the receiver, respectivelyl; (ii) the distance between Tx and Rx is much larger
than the radii R and Rg, i.e. max(Rp, Rgr) < D; (iii) for short periods of time,

Note that each scatterer Si (SR) can be considered as a virtual base-station. Next, the communication
link from each base station to the node can be modeled as a conventional fixed-to-mobile link. Hence, the
properties of the channel between the nodes are strongly dependent on the scattering environment around
each node. The concept of relative motion between Tx and Rx cannot be applied.
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Figure 3.6: The geometrical double-ring model in case of the double bouncing(top)
and the single bouncing(bottom)

the mobile environment can be assumed as quasi-stationary, i.e. the rings of scatterers
are fixed. The distances which a plane wave travels in the case of so-called double
bounce scattering (Figure 3.6 top) or single bounce scattering (Figure 3.6 bottom) can
be written as

Dpp = (Dg — Rrcosalf + Rrcosa'l) + R + Rr,

m

Dgpr = Dy — Rrcosaff + Rp = Do + 2Ry sin? C;T

)

n
Dspr = Do+ Rrcosa’s + Rg = Do + 2R cos? %R

for scattering at the rings around the transmitter and receiver, respectively.

Based on this representation and extending a single-input and single-output (SISO)
version of the reference model presented in Chapter 1.5.2 and [58] to the case of time-
frequency second order scattering fading, we can identify 3 types of mechanisms.
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Line-of-Sight
The LOS component can be modeled as

Gros (t, f) — ej(Q%f(th cosyr —tvg cos ’YR*DO)‘H?LOS) , (3.15)
where ¢10s is a random phase shift over [0, 27].

Double Bounce scattering

The component of the channel describing the transmission link under double bouncing
conditions can be written as

M N

1 (2t

Gpg(t, ) = lim _E E el (%% (VT+VR)+¢T””+¢””)> (3.16)
IZ\Z:ZZ MN n=1

where ¢, denotes the random phase-shift caused by the joint interaction of the scat-
terers S7' and S% and V7 and Vg are described by

m=1

Vi = vy cos (adff — ), (3.17)

Vi = vg cos (0F — YR). (3.18)

The phase shift ¢,,,, induced by the traveled distance does not depend on time ¢, and
can be expressed as

Yum(f) = ———Dps. (3.19)

In [58] and (1.48) in Section 1.5, the double bounce component has only one
phase per path and similar to (3.16). However, when the phase shifts introduced by
each scatterer S7' and S are independent, i.e. ¢y, = @ + @y, WE can express
(3.16) as a product of two single sums

1 1 M j<2:/(VTt—2RTSinz§>+¢m>
Gppi(t, f) = él%; — 2216

m=
N ] <@ (VRt—QRR COS2 QTR>+¢77)
X E e .
n=1

(3.20)

Single Bounce scattering

Using the approximations sinz =~ x (for small x) and sin (ag(") - a,’]}(”)) ~

sin a;?((g; , we obtain the components caused by single bounce scattering as

Gspr(t,f) = lim ej(L(ﬂ(VT+VR)+¢'rrL+w'rrL)’ (3.21)
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N
1 (2m S
Gspr(t, f) = Nhjgo\/_ﬁ E e](ch (VT+VR)+¢n+¢n)’ (3.22)
n=1

where Vi and V are given by

o, _ vrRy n
Vi = 5 cos (2(ag — 1)), (3.23)
2D;
~ ’UHR% m
Vg = 5- cos (2(a7 —VRr))- (3.24)
2Dg
The phase shift introduced by traveled distance
. 27
Ym(f) = —TfDSBT, (3.25)
27
Yu(f) = *TfDSBR- (3.26)

3.3.2 Weights Identification

The generalized reference model for SOSF can be obtained as a weighted combination
of components described by (3.15), (3.16), (3.20), (3.21) and (3.22):

G(t, f) = kros - Gros(t, f)
+ ksBr - GsBr(t, f) + kser - Gspr(t, f) (3.27)
+kpp - Gpp(t, f)+kppr-Gppi(t, f),

where the various « variables are the corresponding weights.

Since the central limit theorem states that each single sum is a zero-mean com-
plex Gaussian process with unit variance, the envelopes gpg(t, f) = |Gpgs(t, f)|,
gspr(t, f) = |Gspr(t, f)| and gspr(t, f) = |Gspr(t, f)| are all characterized by
Rayleigh distributions whereas the envelope gppr(t, f) = |Gppi(t, f)| enables to
reproduce the Double-Rayleigh distribution, so that xpp; can be identified to wo in
(1.36). The Rayleigh term in (1.36) is made of the combination of all other compo-
nents. In the absence of further information, we may set kpgp = KSpT = KSBR =
\“;—15, assuming that all three mechanisms are occurring with the same probability?.
Finally, k.05 = wq, so that we can express (3.27) as

G(t, f) =wo - Gros(t, f)

+ % - (Gps(t. f) + Gspr(t, f) + Gspr(t, f)) (3.28)

+wa - Gppi(t, f),
where wg, wy and wy can be experimentally derived or modeled using the concept

described in Section 3.2. From the statistical properties of (3.28), it can be concluded
that small-scale time-frequency fading follows a SOSF distribution.

2It can be showed that the difference between the channels simulated using different impacts of
KpB,ksBT and ks B R is negligible
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3.3.3 Application to Double- and Single-Mobile Scenarios

Let us now apply the generalized reference model to both types of mobility and con-
sider only the temporal fading properties.

Temporal Fading in Double-Mobile Scenarios

Since ¢ym, ¢ and ¢y, are random, the constant (over time) shifts ;. ¥, and ¥y,
can be arbitrarily set to 0. Furthermore, since gy < Do, the impact of (3.23) and
(3.24) is negligible when the node is mobile, the reference model under double-mobile
conditions describes the fading behavior over time by

Gpp(t) = éljr)rfl; \/%mf:l ,ﬁ:le (2L (Ve t+ Vi) +bmn ). (3.29)
Gppi(t) = lim _ - I (L Vrttdm) o (2L VRt+én) (3.30)
iox VMN ’
1 & 2mf
Gspr(t) = N}lgloo Wivi 2. I (% VT““’””), (3.31)
Gspr(t) = lim — \/— Z (55t Vet on). (3.32)
Similar to the case of time-frequency fading, (JDB( = |Gpr(t)|,9sBr(t) = |Gspr(t)]

and gspr(t) = |Gspr(t)| follow a Rayleigh distribution and the term gpp;(t) =
|G ppr(t)| follows the Double-Rayleigh distribution, so that we can express (3.28) as

Gam(t) = wo - Gros(t)
w
+ == - (Gpp(t) + Gspr(t) + Gspr(t)) (3.33)
V3
+ wo - GDB](t>.
From the statistical properties of (3.33), it can be concluded that small-scale fading
under double mobile conditions follows a SOSF distribution.
Temporal Fading in Single-Mobile Scenarios

By setting the phase shifts 1y, , ¥,, and ¥, to zero, the reference model under single-
mobile conditions® can be described by

M N
r2nf s
Gpp(t) = lim —— oI (Fe VRt bma) (3.34)
2 f M
/ 3 (2L Vrttin) Jbm
ppr(t) = e e (3.35)
i Z

30nly expressions for a fixed transmitter are shown in this subsection, but all expressions can similarly
be applied to a fixed receiver by changing subscripts.
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The component described by (3.32) remains unchanged in single mobile scenarios.
Alternatively, Vi cannot be neglected in (3.21) since V; = 0. Consequently, (3.21)
can be re-written as

N
]. (21 ) )
(t) = lim —= /(%" Vatton), (3.36)
s1 N-so /N =~

So that we obtain
Gsm(t) =wo - Gros(t)
w1
+—= - (Gpp(t) + Gspr(t) + Gspr(t)) (3.37)
V3
+ ws - G/DBI(t)'

Again, the envelopes gpp(t) = |Gpp(t)|and gspr(t) = |Gspr(t)| follow Rayleigh
distributions since the central limit theorem states. However, since the second sum
in (3.35) is constant over time, the envelope g),5,(t) = |G, 5;(t)| also follows a
Rayleigh distribution, unlike double-mobile scenarios. The weight wy remains un-
changed because it describes the impact of double bounce scattering with independent
phase shifts introduced by each scatterer S7* and S%.

This means that in case of single mobility, the envelope of gsp, (t) = |G (t)] has
a Rician (or Rayleigh) distribution.

3.3.4 Reference Model Over Frequency

Rather than investigating the temporal behavior at any given frequency, it is also possi-
ble to study the fading resulting from the reference model over frequency at any given
time. This comes to express the frequency dependence of Y, , ¥y, ¥y, sO that we
can rewrite the different components of the model as

GDB(f) — lim —Z Ze( arf (RTSIH —+RRCO> i)-ﬁ-dﬁ'mn)’ (3.38)

N — oo
M — oo m 1n=1

m
J (,74:/ Rr sin® GTT+¢m)

Gspr(f) = lim —— F Zzlc : (3.39)
N an
. 1 ]'(—@RRCOS2 TR—H;S”)
= lim —— ‘ . 4
Gspr(f) = lim_ Wge , (3.40)
1 —ATIRT G2 ﬁ+¢)
GDBI(f>: I\llm Ze
== VMN -
Mo (3.41)

n
(1 ot v )

XZ

Since the central limit theorem states, the envelopes of gp5(f), gssr(f), 9sBr(f)
are all characterized by Rayleigh distributions whereas the envelope of gppr(f) fol-
lows a double-Rayleigh distribution.
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Interestingly, the statistics of (3.38 — 3.41) do not depend on the mobility. This
contradicts the assumption that time-, frequency- and space-fading share the same
cause. This assumption was used in number of papers [86, 48, 87]. In other words,
(3.41) can produce double-Rayleigh fading over frequency even for a single-mobile
scenario. Probably, this fact could be the reason for apparent double-Rayleigh fading
measurements in single-mobile scenarios in [48], [87], which are based on the same
measurement campaign. Indeed, in these models, the fading behavior is characterized
by jointly considering time samples and frequency tones, although we have shown
above that they might not follow the same distribution in single-mobile scenarios.

3.3.5 Second-Order Statistics of SOSF Channels

We have outlined in Section 3.3.1 that a double-ring geometry could be used to repro-
duce the SOSF first-order statistics observed in measurements. Therefore, we can use
the same geometrical model to infer the second-order statistics (the autocorrelation
function), which could not be extracted from our measurements.

Second-Order Statistics in Double Mobile Scenarios

In double-mobile scenarios, the correlation properties of the reference channel model
can be summarized as

Rg,c, (1) = Ra,a,(T) = E[G4(t)G,(t + 7)]

= W cos (277 (fr cosyr — frcosYR))

2
+ % (Jo(2m frT) + Jo(27 fRT)) (3.42)

w2 i :
+ (?1 + wg) Jo(2m fr7)Jo (27 fRT),

R, (1) = =R, (7) = wi sin (277 (fr cosyp — frcosygr)), (3.43)

Rea(r) =E[GH)G*(t+7)] =

— wge(j%T(I'T cosyr—[R cOSYR))

+ % (Jo(2m frT) + Jo(27 fRT)) (3.44)

3

where G = G; + jG,, and fg, fr and f;.; denote the Doppler frequencies caused by
motion of the nodes,

2
+ (ﬂ + wg) Jo(2m fr7)Jo(27 fRT),

o=t (3.45)
C

fp= S (3.46)
C

By proceeding as in [58] , we can obtain the proofs for the derivations of the auto-
and cross-correlations.
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Second-Order Statistics in Single Mobile Scenarios

By using [58], it can be shown that the correlation functions of the components de-
scribed by (3.32), (3.34) and (3.35) are the same. Using [46, §3.715.13, §3.715.18] to
derive the correlations of the component (3.36), we can write:

RGiGi (’7‘) = RGqu (’7’) = E[Gq (t)Gq(t + T)]

= wg cos (277 (fr cosyr — frcosvr)) (3.47)
2 w? w? R?
+ (T +o.)2) : J()(QﬂfmT) + 3 Jo(ﬁﬂfm7'>7
Rg,c,(T) = —Rg,q,(T) = wg sin (277 (fr cosyr — frcosVRr)), (3.48)

Raa(r) =E[GHGT(t+7)] =

— <}\}86(3'27”'(]% cosyr—fRr COSYR))

2 2
+ (% + WQ) . J() (27Tfm7') (349)
2 2
wi R
+ 3 Jo(ﬁﬂ'fmT)a
where f,,, denotes the Doppler frequency caused by motion of the mobile node

_ | fr [vr=0]
Jm = { o or = 0] (3.50)

3.4 Time-Series Model

3.4.1 Path-Loss and Mean Large-Scale Fading

Considering the expression for the received power (3.3) and LS fading (3.4), the com-
bined path-loss and mean LS fading A = A’ + S can be defined as

d —
A=Ag+ n- ].OIng <d—0> + S, (3.51)

where A is the deterministic path-loss at the reference distance dy = 1m and S is
found to be normal with zero mean (when expressed in decibels) over the whole set
of rooms/links. The deterministic path-loss at the reference distance Ag, the path-loss
exponent 7 and the standard deviation oy characterizing distribution of S have been
estimated from the data (see Table 3.6).

3.4.2 Dynamic Large-Scale Fading

When the deterministic path-loss and mean LS fading are removed and small-scale
fading is averaged out, the remaining variations are due to dynamic LS fading, as
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Figure 3.7: Fit of the T-location scale and Normal distribution to measured data in
different motion scenarios
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Table 3.6: Model parameters for path-loss and LS fading

Scenario | 03 | Ts[s] | v | Ag[dB] | n | o3
Single-mobile, limited motion 1.1
Single-mobile, extended motion 1.6

Double-mobile, limited motion 1.8 63 |5 42 28198

Double-mobile, extended motion | 2.5

detailed earlier. Again, we observe in Figure 3.7 that the dynamic LS fading might be
described by a t-location scale distribution

v+1

v+1 o 2\ T 2
p(ﬂ?l%u,ffg):#(ﬂrl(i “)) : (3.52)

O EAV A RN

with zero-mean (¢ = 0) by definition, v = 5 degrees of freedom and a scale pa-
rameter oz (see Table 3.6). This distribution results from compounding a normal
distribution with mean p and unknown variance, with an inverse gamma distribution
placed over the variance with parameters ar = v/2 and Sr = vo2/2. In other words,
the dynamic LS fading is assumed to have a Gaussian distribution with an unknown
variance distributed as inverse gamma, and then the variance is marginalized out. As
it was mentioned in Section 3.1.3, different mechanisms typical for investigated sce-
narios lead to variations of the value of the scale parameter o3 depending on the type
of mobility and the motion scale.

Fitting of Normal and t-location scale distributions to measured data is shown
in Figure 3.7. The t-location scale distribution has longer tails which represents the
measured data better. Analyzing the figure, we can make a conclusion that the more
scatterers and objects interacting with radiated waves are involved in the propagation,
the higher o3 is: it is obvious that extended motion of both nodes will result in more
significant variations of the LS fading levels than in the case of limited motion of the
Tx (Rx) while the Rx (Tx) is static.

The dynamic LS fading autocorrelation over time is modeled as a decreasing ex-
ponential, whose decay time 7; is also shown in Table 3.6. Hence, we use an autore-
gressive process to generate autocorrelated dynamic LS fading values,

S(t) = e TS (t— A t) + V1 — e 28t/ Ts g (t), (3.53)

where 3 is a time series of length 7', whose values are drawn independently from
the distributions described by Table 3.6 and A ¢ is the targeted resolution in time (in
simulation, it equals the stationarity period).

No correlation between dynamic LS fading and the SS fading states has been
found, so that we can combine independently simulated dynamic LS fading and small-
scale fading realizations.

3.4.3 Small-Scale Fading

Summarizing, we propose to model peer-to-peer channels with time-variant statistics
as shown in Figure 3.8. We start with a random initial state of the HMM. Next, using
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Figure 3.8: Flow-diagram of the simulation model

the corresponding distribution provided in Table 3.2, we draw the SOSF parameters
(cv, B). Using a weighted combination (the weights are extracted using expressions
(3.12 — 3.14)) of correlated small-scale fading realizations generated by the model*
described in [78], we obtain a pre-defined number of correlated complex fading real-
izations G(t). Next, the path-loss, the mean LS fading and the dynamic LS fading are
added to small-scale fading realizations. Next, the state of the HMM is updated. If
the state is unchanged, we use the autoregressive models described by (3.9 — 3.11) to
generate new values of «, 5 and A for RDR, Rician or DRLOS subsets or we keep
the constant values of the parameters for Rayleigh and double-Rayleigh subsets. If
the state is modified, depending on the subset, we generate the parameters o and (8
using the distributions described in Table 3.2 or we set fixed values (for Rayleigh and
double-Rayleigh subsets). Note that duration of one state equals %M =0.8s.

3.4.4 Simulations and Validation

Modeled time-variant fading statistics of a peer-to-peer network in an indoor office
environment are shown in Figure 3.9 (top). The first five pairs (v, 3) are then used to
simulate channel realizations (only the combination of small-scale fading and dynamic
LS fading are illustrated) in Figure 3.9 (bottom).

Figure 3.10 compares the statistics of two sets of measured channels and gener-

4Filter coefficients used in the model are specified by appropriate first- and second-order statistics de-
rived in Section 3.3.5.
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Figure 3.10: Fit of the model to measured data
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ated channels using the model of Section 3.4.3. To verify the model under differ-
ent mobile conditions, we simulated sets of single-mobile links between nodes sepa-
rated by the distance d = 12 m and between mobile nodes separated by the distance
d = 13 m. Next, we compared the Cumulative Distribution Function (CDF) of the
generated small-scale fading with the CDF of measured small-scale fading between
nodes having the same parameters (Rx1-Tx7,Rx7-Tx1 and Rx7-Tx8 for single-mobile
and double-mobile scenarios respectively). To quantify the difference between CDFs
of measured and simulated small-scale fading, the mean squared error (MSE) was es-
timated for both mobility scenarios. The asymptotic values of MSE (7.8 - 10~° for
single mobile and 6 - 10~° for double mobile curves) are achieved after 50 simulation
trials. Additionally, we used Kullback-Leibler divergence [88] to estimate the number
of necessary trials: simulation was stopped after achieving a threshold of 0.01 (used,
for example in [89]). The numbers of needed trials are 60 and 50 for single- and dou-
ble mobile scenarios, respectively. The larger value of MSE and the higher number of
simulation trials for the single mobile model can be explained by the fact that we can-
not use realizations of small-scale fading measured on different frequency tones(see
Section 3.3.3) to obtain CDF of small-scale fading under single mobile conditions.
Probably, this explains the non-smooth behavior of the CDF below -20 dB level.

10 T T T T T T

Single Mobile Small Scale Motion (Simulated)
— - —  Double Mobile Large Scale Motion (Simulated)

— — — Theory(Rayleigh fading)

—&— Theory(Double Rayleigh fading)
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Figure 3.11: Level crossing rate normalized to the maximum Doppler frequency

Figure 3.11 shows normalized Level Crossing Rate (LCR) of the simulated time-
variant components of the channel(SS fading and dynamic LS fading) for both types
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of mobility and different motion scales in comparison with theoretical curves. It can
be noted that simulation results are different from the conventional methods. The
comparison of the measured and simulated LCR cannot be provided since we cannot
extract LCR from measurements.

3.5 Summary

This chapter has presented an analysis and an empirical model of time-variant channel
statistics of a peer-to-peer network based on measurement in an indoor office environ-
ment at 3.8 GHz:

1. Models and simulators for second-order scattering fading (SOSF) in different
mobility scenarios have been proposed.

2. In double-mobile scenarios, the measured data is characterized by the SOSF dis-
tribution, with time-variant statistics ranging from double-Rayleigh to Rician.

3. In single-mobile scenarios, temporal small-scale fading is Rayleigh or Rician
distributed.

4. Frequency small-scale fading does not depend on mobility and follows a SOSF
distribution.

5. Distributions of the parameter « for the Rayleigh-double Rayleigh and A for
the double-Rayleigh-LOS subsets can be well approximated by the Beta distri-
bution.

6. Distribution of the K-Factor can be modeled by Extreme Value distribution.

7. Transitions between the fading states are described by a hidden Markov model
fully parameterized from the measurements.

8. Following the concept of [3], mean and dynamic LS fading mechanisms are
separated. We find that the experimental dynamic LS fading distribution follows
the t-location scale distribution.

9. The proposed model has been validated and good agreement between simula-
tions using the proposed model and measurement data is obtained
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Chapter 4

Multidimensional Channel
Models

In this chapter, we investigate narrowband MIMO channels based on a wideband ex-
perimental campaign at 3.8 GHz in a typical office environment consisting of different
rooms aligned along corridor and separated by different types of walls. The investi-
gated environment is similar to the one described in the previous chapter, but the
measurement campaign was performed in another building. Key contributions are as
follows.

* We analyze and model the variations of small-scale fading statistics based on
measurements and using the so-called second-order scattering fading (SOSF)
distribution similar to the approach presented in Chapter 3: (i) for reflecting the
sudden changes of the statistics, we define and parameterize a hidden Markov
model [79], (ii) the parameters of the SOSF distribution are modeled according
to a Beta or an Extreme Value distribution, fitting the measurements, (iii) fading
realizations are generated.

¢ The stationarity period of indoor MIMO channels is defined.

* We proposed a statistical model of time-variant directional statistics and APS
based on the measurements.

* Appropriate spatial correlation functions are derived using a double-ring model
[59].

 Simulation model of SOSF MIMO fading channels is proposed.

Details of the measurement campaign are provided in Section 4.1. Section 4.2 de-
scribes how the stationarity period can be defined. Section 4.3 introduces the approach
to represent non-stationary fading statistics. The proposed equivalent geometry-based
model for second-order scattering fading (SOSF) is presented in Section 4.4. Sec-
tion 4.5 describes the path-loss, large- and small-scale simulation models based on the
measurements and Section 4.6 provides an implementation summary and simulation
results of the model, which is validated against measurements.
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Table 4.1: Measurement Parameters (After Post-Processing)

Parameter Value
Center frequency 3.8 GHz
Transmit power 23 dBm
Measurement bandwidth (null-to-null) 200 MHz
Bandwidth (post-processed) 120 MHz
Recorded frequency tones 510
Number of frequency tones (post-processed), F' 300
Recorded time samples 7's 6000
Measurement duration 60 s
Code length 255

Table 4.2: Distances between the nodes
Tx1 Tx2 Tx3 Tx4 Tx5 Tx6 Tx7
Rx1) | Rx2) | (Rx3) | (Rx4) | (Rx) | (Rx6) | (Rx7)

Rx(Tx)| 2l m | 11m| 4m | 8 m |7.5m| I1m | I5m

Nodes

4.1 Measurements

4.1.1 Environment

The channel measurement campaign was carried out at the Université Catholique de
Louvain (UCL), Louvain-la-Neuve, Belgium, in winter 2016 (see Figures 4.1-4.3).
The investigated environment was located on the first floor of an office building, and
consisted of typical offices along a corridor separated by brick or plaster-board walls,
as illustrated in Figure 4.4. The circles indicate the rooms where nodes were. A static
receiver was equipped with UCA, a dipole antenna was used at a mobile transmitter.

First, the Rx (additionally marked with a cross) was located in a room in the middle
of the building. The mobile transmitter was successively positioned in different rooms
along the corridor. Note that for this measurement the transmitter was moving in
arbitrary directions with the walking speed v ~ 1 m/s only over a small-scale area
(~ 1 m?).

Second, the mobile Tx was moved to the room where the Rx had been located.
Accordingly, single mobile channels were measured between the static Rx sequen-
tially positioned in different rooms along the corridor and the mobile Tx located in the
same room (the node marked with a cross). In total, fourteen SIMO channels were
measured. Communication channels were measured twice (for each node’s position)
to eliminate a possible unpredictable influence of random factors.

4.1.2 Equipment

The measurements were carried out by means of UCL/ULB Elektrobit PROPSound™
CS at a carrier frequency of 3.8 GHz, using the switched-array principle. The sounder
was calibrated twice (before and after measuring channels). The UCA was connected
to the 8-port receiver’s switch using RF cables with perfect stability. The transmit
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(c) Room with Rx6

Figure 4.1: Pictures of the environment
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(c) Room with Rx3

Figure 4.2: Pictures of the environment
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(a) Room with Rx7

(c) Room Rx5

Figure 4.3: Pictures of the environment
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Figure 4.4: Floor-plan of measurements

antenna was directly connected to the TX unit with a long low-loss RF cable. The RF
cables had excellent RF stability, even when they were slightly bent or moved during
the measurements. At the Tx end, custom-made dipole antenna with a gain of 1.75 dB
and an almost omnidirectional radiation pattern (see Section 2.3) was used.

The channel sounder used long PN sequences to estimate the impulse response of
the radio channels between all combination of Tx and Rx nodes. The measurement
parameters are summarized in Table 4.1. Because of the resulting noise enhancement
at the band-limits the further data analysis is restricted to inner 1220MHz. The chan-
nel transfer function (obtained from the recorded impulse responses) is denoted by
HJt, f,m], where t denotes the time index, f denotes the frequency index, and m
denotes the link index (one link joining one receive antenna node to the transmitter).
ISIS algorithm presented in Section 2.2 was used to estimate directional properties of
the measured SIMO channels.

4.1.3 Concepts of Data Analysis

Similarly to the concept used in the previous chapter, the channel coefficients are
considered to reflect a superposition of the following propagation phenomena (when
the channel is expressed in logarithmic scale):

channel = A+ S+ S+ G
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where A, S, S, and G are path-loss, mean LS fading, dynamic LS fading and SS fading,
respectively.

The path-loss is constant over time for a given MIMO channel, and only depends
on the distance between the nodes, whereas large- and small-scale types of fading are
time-variant.

Let us define the average received power as

1 M T, F
5 112
m=1t=1 f=1

where m,t and f denote the link number, the time sample and the frequency tones
respectively.

The length of the sliding time window 717, used to define the time-variant average
power as the received power averaged over all tones was chosen to be 20 wavelength
(160 time samples i.e corresponding to 1.6 s), so that the time-variant average power
can be written as

(+Tav/2 bFyup M

P[t,b] = m Z Z Z |H[t’,b,m]|2 4.2)

av V=t =Tan /2 [=1+(b—1) Fayup m=1

Based on these two definitions, we may evaluate the effects observed earlier for
narrowband SISO channels:

* the path-loss exponent 7 by fitting the log-log variation of P over the average
distance d between the Tx and Rx,

d
Algg — Aolap — 1 - 101ogyq (d_o) ; (4.3)

where A( denotes the reference power at the reference distance dg = 1m [84],
[85],

* the large-scale fading (in decibels)
_ d
S[t,b] :PO|dB 777'101Og10 d_() 7P[t,b]|d3, (44)

* the small-scale fading (in natural scale)

HIt, f]

V P[tv [f/Fsub”’

where [-] is the ceiling function. The fading amplitude being then simply de-
fined as g = |G/.

Glt, f] = 4.5

For a given channel, LS fading can be expressed as the sum of a mean value and a
time-variant component, so that S[t,b] = S[b] + S[t]. Mean large-scale fading S[b]
is related to time-invariant site-specific obstructions of the link including the influence
of different effects such as refraction, diffraction, reflection, and absorption in envi-
ronment (furniture, static people etc.). Hence, S[b] is a random variable depending
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on the environment. Dynamic large-scale fading S [t] is caused by the mobility of
scatterers and so-called body fading or shadowing (due to the changing orientation of
the person holding the device).

Dynamic LS fading can also be expressed as

S[tvb] = *[P[T%b”dB - S[b]] (4~6)

Note that we can normalize fading so that E{g?} = 1, the expectation being
conducted over time or frequency.

4.2 Experimental Characterization of Stationarity Pe-
riod

We concentrate our analysis on SS fading, hence, all correlation matrices are calcu-
lated after removing the path-loss and LS fading from the channel.

As it was shown in Chapter 1, the correlation matrix distance can be used to deter-
mine stationarity periods. However, to use this metric, the correlation matrices must
be calculated first. In [90], an impact of the correlation matrix estimation accuracy
on the computation of stationarity intervals was investigated. It was shown that the
choice of the number of snapshots used to estimate correlation matrices must be

* large enough in order to accurately estimate the Tx, Rx and full correlation
matrices,

* but small enough in order to average over snapshots having the same statistics
(i.e. the channel behavior remains unchanged over this set of snapshots).

For small window sizes, the estimated correlation matrices may be significantly
different from their expectations. Hence, CMD matrices will be roughly estimated.
No stationarity regions can be detected. As the window size increases, the correlation
matrices will be closer to their expectations. As a consequence, CMD matrices are
more reliable and have smoother variations, while stationarity regions can now be
identified. However, if the window is too long, then temporal variations of CMD will
be smoothed out and the channel mistakenly will be characterized as stationary for the
whole measured interval.

4.2.1 Calculation of Correlation Matrices

Since SIMO channels with 8 receive antennas were measured, we will concentrate
our analysis on the receive spacial correlation matrices (1.21). When considering nar-
rowband multi-antenna systems (i.e. frequency fading is flat), it is possible to use the
frequency samples of a wideband multi-antenna measurements as fading realizations
too. Therefore, in addition to the spatial realizations, also the frequency realizations
are used as fading realizations in this thesis.

Due to the maximum observed delay spread of 7,4, =~ 250 ns, the coherence
bandwidth is estimated to be Fiop, min = 1/Tmaes = 4 MHz (0 o, = 10 frequency
chips), therefore, within 120 MHz, there are only 30 independent frequency realiza-
tions, which means that effectively a smaller number of independent samples is avail-
able.
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Figure 4.5: An example of the correlation matrix Rp, measured for the channel Tx-
Rx2

Since the receiver and the scatterers are fixed, we obtain a maximal Doppler shift
fmaz = |Vmaz|fe/co = 12.7Hz, with the center frequency f. and the speed of light in
vacuum c¢g. This results in a minimal coherence time T¢opn min = 1/ frmaz = 79 ms.

As it was mentioned before, the choice of the time window is not trivial. It turns
out that the channels between Tx(Rx) 6,7 and the Rx(Tx) are less correlated than in
the case of Tx(Rx) 1-5. It can be explained by the fact that they are located in rooms
on the same side of the corridor and the distance is smaller, so the MPCs arriving
the receiver are influenced by larger number of various objects around the nodes at
both ends of the channel. In the case of Tx(Rx) 1-5, the features of the measured
environment around the static Rx have more impact on the MPCs. This means that
the CMD is higher for the channels Tx(Rx) 6,7, hence, a larger time window can be
used. On the contrary, for a correct analysis, a smaller time window has to be used in
the case of Tx(Rx)1-5, because some of the variations of the temporal CMD can be
mistakenly averaged out. However, for simplicity reasons let us use a window of the
same length.

Different time windows of 5 — 15 X T¢op, min Were inspected and it turns out that
the maximum time window allowing to detect stationarity regions for all measured
channels equals ny; = 5 - Teonmin = 40 (approximately equivalent to a traveled
distance of 5).

In order to obtain estimates of the correlation matrices, we average over an ensem-
ble of n; = 40 time samples and ny = 300 frequency tones. In total, we thus average
over 12000 (5 x 30 non-coherent) realizations. Hence, the time-variant correlation
matrix Rg,(t) can be calculated as

GGIT
Rrs(t) = = v “.7)

where G is a data matrix with dimensions of 7gntennas X (74 - 17 ), where each column
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corresponds to the used time-frequency data block.
These time-variant matrices (see Figure 4.5) are used for the estimation of station-
arity periods of the measured channels.

4.2.2 Calculation and Analysis of CMD

As it was shown in Chapter 1, the CMD (see equation 1.26) between Rpg,(t;) and
Rrs: (tj) can be used as a measure of non-stationarity, where Rp, (tm-) are the corre-
lation matrices calculated with (4.7) for time instants 7, j = 1...Ts —n;. Convention-
ally, a channel is considered to be stationary over a region (a traveled distance, time
period, frequency range etc.) if the CMD is bellow the 0.2 threshold. In this research,
stationarity is studied in the time domain, however it is possible to derive stationarity
over space due to the assumption that speed was constant and equal 1 m/s.

Figure 4.6 shows stationarity periods estimated as in [90]. A possible approach
for stationarity periods modeling is to allow it to be a random variable with a distribu-
tion extracted from measured channels. Cumulative distribution function of estimated
time-variant stationarity periods for all measured channels is shown in Figure 4.7.
This approach makes sense in the case of high mobility of the node(s) traveling over a
diverse environment where MPCs are influenced by many obstacles which may appear
and disappear with a high speed.

For indoor propagation channels this manner of modeling can be superfluous and
make the model too complex. For this reason we will use a fixed value rather than
a random variable. This fixed time window can be defined as the minimum duration
of stationarity period observed in the measurements or a value corresponding to a
threshold of the CDF.

As all correlation matrices within the period must be mutually correlated, the sta-
tionarity period must be defined as a squared one. In Figure 4.8 these time periods are
indicated by red squares of sizes Mgt per X Mst.per. Note, that the minimum duration
of stationarity period shown in Figure 4.7 is the same as the one estimated by the sec-
ond approach (squared stationarity regions) and equals 7, e, = 80 samples = 0.8 s
(equivalent to the traveled distance of ~ 10X).

Next, blocks of 1144 per X Tif.con X Nantennas €an be used to extract time-variant
statistics of narrowband SOSF SIMO channels.

4.3 Experimental Characterization of Non-Stationary
Fading Statistics

4.3.1 SOSF Parameters Extracted From Measurement

Analogously to Chapter 3, small-scale fading over time can be described by a SOSF
distribution which is specified by two parameters o and § presented in (1.39) and
(1.40). Again, by iteratively fitting the SOSF probability density function assuming a
moment-based estimate as starting point [47], temporal behavior of the parameters can
be estimated from experimental fading realizations. Examples of temporal variations
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Figure 4.6: Correlation Matrix Distance for 10 seconds of measured channel Tx-Rx6
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Figure 4.7: Cumulative Distribution Function of measured time-variant stationarity
periods

Table 4.3: Evaluated parameters of the SOSF distribution

Subset Distribution Parameters | Probability T
Rician K ~ pep(—3.1,3),a =0 0.12 Tk = 0.8s
RDR o~ ps(3,42),3 =0 0.83 T = 2.4
Rayleigh — 0.05 —

of the parameters are shown in Figure 4.9. Again, we see that predominantly Rayleigh-
double-Rayleigh fading (8 = 0,0 < « < 1) occurs. Only scarcely we observe an
impact of LOS.

In Figure 4.10 a, three main groups (Rice, Rayleigh, Rayleigh-Double Rayleigh)
can be observed. These subsets of SOSF describe the major part of measured SS fading
realizations. For reasons of simplicity, we neglect DRLOS and points in the middle
zone (where 0 < a < 1,0 < S < land o+ 5 # 1).

The distribution of the parameter o for the Rayleigh-double Rayleigh subset (see
Figures 4.10 b) is found to be well approximated by the Beta distribution (see (3.7)).
The distribution of the K-Factor in Rician fading, K = % can be modeled by
Extreme Value distribution(see equation (3.8) and Figure 4.10 ¢), when the K-factor
expressed in decibels.

Eventually, probabilities of the subsets and a probability distribution of the SOSF
parameters within the subset can be estimated (see Table 4.3). Note, that a high prob-
ability of occurrence for Rayleigh - double Rayleigh fading is observed as in the case
of SISO SOSF channels.

Similar to the approach presented in Chapter 3, the temporal autocorrelations
of the parameters «(t), K(t) can be modeled by a decreasing exponential func-
tion. Hence, an autoregressive process (3.9) and (3.11) can be used to generate au-
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Figure 4.8: Correlation Matrix Distance for 10 seconds of measured channel Tx-Rx6,
squared definition of stationarity periods

tocorrelated values of the parameters of a SOSF channel over time samples, where
Za,TA,Tx are time series of length I', whose values are drawn independently from
the distributions described by Table 4.3. The parameters 7 are extracted from mea-
surements and given in Table 4.3.

Using modeled values of the parameters «v and 3, the weights in (1.36) can be
calculated as

K
<JJOZ\/BZ 1+—K’ (4.8)
wi=+v1—a— :\/170471_'_%, 4.9)
wg:\/a, (4.10)

4.3.2 Hidden Markov Model

Transitions between different fading states can be modeled by a hidden Markov model
(HMM) [79]. Usually, the system being modeled by a HMM is assumed to be a
Markov process with unobserved (hidden) states. Since the SOSF distribution reduces
to the three distributions of small-scale fading highlighted above, we model the tran-
sitions between the subsets using a three-state HMM: (i) Rican fading, (ii) Rayleigh-
double-Rayleigh fading and (iii) pure Rayleigh fading.
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(a) Time variant fading statistics, Tx-Rx

Figure 4.9: Typical variation of small-scale fading parameters over time for Tx1-
Rx(top) and Tx-Rx1(bottom)

Table 4.4: Transition matrix
Subset Rician RDR Rayleigh

Rician 019 010 0.2
RDR 075 085 08l
Rayleigh | 0.06 0.05  0.07
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Figure 4.10: Probability density functions of the SOSF distribution parameters
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Figure 4.11: Flow-diagram of time-variant statistics modeling

4.3.3 Directional Statistics

Both powers and AoAs of MPCs were estimated. Figures 4.12 and 4.13 show APS
extracted from the measurements. Two situations can be differentiated: when the
nodes are on the same and opposite sides of the corridor. When the corridor is a part
of the propagation channel, the major part of waves arrives over a smaller angular
range. Usually, the maximum direction of arriving waves corresponds to a corner
of the room where the RX is located. In the case when the nodes are located in the
rooms on the same side of the corridor, AoAs are dispersed over a larger range, mostly
concentrated in the direction of the transmitting node. Moreover, a noticeable impact
of the backscattering is observed.

The distribution of measured AoAs can be approximated by a mixture of TvM
distributions:

e(rcos(z—p))

2’/TI()(I€)

where I is the modified Bessel function of order 0, x and p are measures of concen-
tration and location, respectively. Note, that the Tikhonov-von Mises function can be
directly used to model APS as in [91] by

prov (T|p, K) = 4.11)

APS(z) = Poprom(x), (4.12)

where P is total power of received signal.

Let us analyze and model these two different situations mentioned above sepa-
rately. In figures 4.12 and 4.13 (Rx (Tx) 1-5) we can see a peak pointing towards
the transmitter. The corresponding peak of the AoA distribution can be modeled as a
Tikhonov-von Mises distribution with a large parameter 1 47 and the mean direc-
tion H1,diff-
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Figure 4.12: Angular Power Spectrum (Rx in the same room)
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Figure 4.13: Angular Power Spectrum (Rx in different rooms)
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Table 4.5: Evaluated parameters of angular distributions

Parameter | Sameside | Different sides
. pr(16.1,0.13) | pr(7,0.7)
2 pr(20.8,0.11) | pr(7,0.17)
w ps(23,13.6) | pp(8.8,14.8)
Croy —0.28 —0.54
Gy 078 0.84
- 0.37 0.66

Ta 24s

Up to seven small peaks can be detected in the measurements, but modeling of
all these components is not practical. For sake of simplicity, the distribution of AoA
excluding the main peak can be approximated by single TvM distribution with a small
parameter k2 g;r¢. The mean angle of this component has low impact because the
distribution is close to uniform when sz 4;¢5 is small. In the case of the same-side
rooms, again main peaks pointing towards the transmitter are seen in figures 4.12 and
4.13 (Rx (Tx) 6, 7). However, the peak is wider than in the case of communication
between the nodes on the different sides of the corridor. Moreover, its impact is just
slightly bigger than the one of backscattering. Hence, the final distribution can be
approximated by two TvM distributions with parameters K1 sqme and K2 same and
|,U/1Asame - ,U/2Asame| = .

To estimate the parameters K1, 4 s, K2,dif f» K1,sames K2,same> W€ assume that the
angle corresponding to the maximum of AoA distribution is the direction of LOS and
shifted to 0. Consequently, ft1 sqme = ft1,diff = 0 and, considering the reasoning
above, we can set 12 sqme = M2,4iff = 7. Next, we performed least squares fitting of
the measured distributions and

e(m cos(z)) e(fig cos(z—m))

pTvM(:L,w,m,/ig)—w-m—i—(l w)-m, (4.13)
where w and (1 — w) are the impacts of components. The Kolmogorov-Smirnov test
with 95 % confidence interval was used to check whether the LS estimation gives
an appropriate result. It turns out that x; o follow Gamma distributions and some
correlation between the parameters was found. Parameter w is Beta-distributed (see
Figure 4.14). The temporal autocorrelations of the parameters x1, ko, w is a decreas-
ing exponential function with the decay time of 2.4 s (= 3 stationarity periods). The
evaluated parameters are listed in Table 4.5.

4.3.4 Modeling of Angular Power Spectra

The angular statistics’ (and consequently the power spectra) temporal changes can be
modeled using the extracted directional statistics. First, the parameters of (4.13) are
generated using the autoregressive processes:

Yy (1) = €72 Tap (b= A 1) + V1 — e=28t/Tag, (1), (4.14)

Yy (1) = e 2 Tapeo (t— A 1) + V1 — e~ 28t/ Tag, (1), (4.15)
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Figure 4.15: Scatter plot of power vs azimuth using the Tx1-Rx measurement (top).
Density of powers vs azimuth using all the measurements.
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Figure 4.16: Simulated (top) and measured(bottom) time-variant Angular Power
Spectrum, the nodes are on the same side of the corridor

Yu(t) = e_M/T"'w(t— At)+V1—e25t/Tag, (1), (4.16)

where x,;, (t), z,,(t) and x,,(t), are time series drawn from the appropriate distribu-
tions (see Table 4.5) and A ¢ equals the stationarity period.

The full correlation matrices composed of the elements shown in Table 4.5 sat-
isfy a positive semi-definiteness constraint and they are symmetric. We,finally can
correlate the time series at each time ¢ as

K1 (t) Yra (t)
K2 (t) =L Yro (t) H (4.17)
w(t) Yu(t)

where L is the Cholesky decomposition of the full correlation matrix.

Figure 4.15 a shows a scatter plot of normalized MPC power against azimuth.
Powers are normalized so that the power of LOS component equals to 0 dB. It is ob-
served that the normalized MPC power does not depend on MPC azimuth, but the
density of paths does depend on angles (see Figure 4.15 b). In other words, the ob-
served shape of APS is caused by the path’s density. So that, when temporal evolution
of the angular distribution’s parameters are modeled, we can obtain correspondent
time-variant Angular Power Spectrum. Examples of obtained APS are shown in Fig-
ures 4.16 and 4.17.
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Figure 4.17: Simulated (top) and measured(bottom) time-variant Angular Power
Spectrum, the nodes are on different sides of the corridor

4.4 Generalized Reference Double-Ring Model for SOSF
channels

In this chapter we consider a narrowband MIMO communication system with Az
transmit and A i receive omnidirectional antenna elements.

It is shown in [58] that the double-ring geometry can be used to model MIMO
channels in indoor environments. The geometry of the proposed model is shown
in Figure 4.18 a and b for the cases of double- and single-bouncing, respectively.
Transmitter (Tx) and receiver (Rx) are denoted by Or and Og, respectively; Rt and
Rp are radii of rings which are formed by scatterers S7*(m = 1,2,...M) and
SE(n = 1,2,...N) located around the transmitter and the receiver. The spacing
between two adjacent antenna elements at the Tx and Rx is denoted by dr and Jg.
Angles a7’ and o7 denote the angles of departure (AoD) of the transmitting waves
scattered from the scatterers S7' and S%, whereas of and o are the angles of ar-
rival (AoA) of the receiving waves that impinge on S7' and S, respectively. Angles
01 and O describe the orientation of the Tx and Rx antenna array, respectively, rela-
tive to the x-axis.

The following assumptions are made: (i) the Tx and Rx are moving with speeds v;
and v, in directions described by angles y7 and vy for the transmitter and the receiver,
respectively; (ii) the distance between Tx and Rx is much larger than the radii R7 and
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Figure 4.18: The geometrical double-ring model

Rp, ie. max(Ryp, Rr) < D; (iii) 01 and Jp are much smaller than the radii Ry
and Rpg, i.e., max{dy, g} < min{Ry, Rgr}; (iv) the angles o/} and o}, are random
variables following the distribution described by (4.13); (v) for short periods of time,
the mobile environment can be assumed as quasi-stationary, i.e. the rings of scatterers
are fixed.

The expressions for the distances which a plane wave travels in the case of so-
called double bounce scattering (€pym, Emn, €qn 10 Figure 4.18 @) and single bounce
scattering (€pim, €Emgs Epn, €qn 1N Figure 4.18 b) can be found in [58]

€pm = Rt — (0.5A4; + 0.5 — p)dp cos(6r — o),
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€mg =D — (0.5A, +0.5 —q)dr [AT sinthetar sin o’ — cos ()R} ,

€pn =D — (0.5A4, + 0.5 — p)op [AR sin 07 sin '}y + cos «911 )
€ng = Ry — (0.5A4, + 0.5 — q)d, cos(ap — OR),
€mn ~ D,
€pg = D — (0.5A4; + 0.5 — p)d; cos O — (0.5A, + 0.5 — q)0, cos(aé‘;s —0r),

where p and ¢ are the antenna’s numbers, A = % and A = %’2.
The complex faded envelop of the link from the transmit antenna element A,, to
the receive antenna element A, can be expressed as:

hP9(t) =wohb% o (1) + ws RPN R (1) + wsBrhisr (1)

(4.18)
+wpphp(t) + wprrhyg(t),

where hi% ¢(t) denotes the LOS term; higl; ,(t) and h%h,(t) are the components
caused by single bounce scattering at the scatterers around the receiver and the trans-
mitter, respectively; hly (t) and h' 5, (t) are the components caused by double bounce
scattering under conditions of correlated and independent! scattering, respectively.
The various w are the corresponding weights.

By proceeding as in [58], we can express the components of (4.18) as:

max

h;ll)/qOS( ) €j27rth cos (Wfafz(;s*'YT)fj%repq

4.19
~ €J27rtf§““ cos (aRqS—fyR) ( )
1 M
hpq t llm ej¢'rrL -J QTW (Epm +57qu)
serlt) = Mg::l (4.20)
« eI2THUFF cos (o —yr )+ FR7 cos (aF =)
hpq t) = lim e]¢n Jse )\ = (cpntcng)
spr(t) IR Z @21
w eI2mt(f7+* cos (aip— 'YT)-‘rfz’a"“ cos (ag=7R))

LPa — lim eI Pmn—7 2T (€pm+emnteng)
Pt = Nes v ZZ (4.22)

x I2mt(f7*" cos (o *WT)JFf}Tenw cos (@ —VR))

By using the results in [43], [58] for the case of independent scatterers, we obtain

Pq _

hDBI (t) -
1 N
lim — el (¢7L 67“1) w J2mt/ R cos (ak—VR)
Mo VNS (4.23)
M

X lim —— eJ (d’m €pm) % ej27rtf;f““: cos (a$77T).

M—o0 M

m=1

li.e when the phase shifts caused by joint interaction of the scatterers Si and ST can be expressed as

¢mn = ¢m + (Pn
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Since the central limit theorem states that each single sum is a zero-mean complex
Gaussian process with unit variance, the envelopes ngq.B(t) = |hy (t) , gqu R(t.) =
|h% o ()] and g (t) = |hegy(t)] are all characterized by Rayleigh distributions
whereas the envelope g7y, (t) = |k, (t)| enables to reproduce the Double-Rayleigh
distribution, so that wpp; can be identified to wy in (1.36). The Rayleigh term in
(1.36) is made of the combination of all other components. Proceeding as in [43], we
may set wpp = WsBT = WSBR = “’—g assuming that all three mechanisms are oc-

curring with the same probability. Finally, wros = wog, so that we can express (4.18)
as

W9 () = wohs (1)
w
+ 713 - (RB(8) + W (1) + W (1)) (4.24)

+ws - W (1).
Note, that the envelope’s distribution of (4.23) does not depend on mobility, so
small-scale fading produced by (4.24) is SOSF distributed.

Using the approach described by Figure 4.11, time-variant statistics of the SOSF
channel (i.e weights wg, wy and ws) can be modeled.

4.4.1 Spatial Correlation Function

Using the approach in [92], the space-time correlation function can be derived. The
normalized spatial correlation function between two complex fading envelopes h?9(t)
and hP4(t) can be written as

RPUPA(57, 65) = wi - RS (67, 6R)
2 ~~ ~~ ~~
g | BY 5r.08) + RESH (67, 08) + REFT6r.68) | 425)

+ w3 - REg (0, 0R)-

When the azimuth statistics derived in the previous section are used, the compo-

nents R 3 (61, 0r), Ry (01, 0r), RV (61, 6r) and RYT VT (67, 0k) can be ex-
pressed as

RT’G»ﬁfi(éT’ 5R) _ eﬂ%(%ﬂ cos O —8R cosOR)

"LOS
w I2T(FF% cosyr— e

(4.26)

COSYR)
)

max

RPSPI (5, 65) = o= 5" ((@=q)8r cos Or—j2mT f7*" cos V)

wly (\/ a%pr + 5233'1',1) N (1 —w)lo (\/a%*m',z + b%’B'I‘Q) (4.27)

Iy (k1,7) Iy (ko,T)

max

qu’ﬁd(éT. 5R) _ e—ﬂ%((ﬁ—p)éqﬂ cos O —j2mT fF cosyT)

'SBR
wly (\/Q%BRJ + bQSBR,l) N (1 —-w)lo (\/Q%BRQ + b2.S’BR,2)
I (K1,1) Io (Ko,1) ’
(4.28)
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1 2 b2 I 2 dz
P57 62) = B (57. 67) — wlp (\/am? 1+b0pp 1) 0 <\/CDR,1 + DB,l)
by ' DB Iy (k1,7) o (K1.R)

) 1
(1—w)lp (\/aDB 2 g, 2) (\/CDB,z + d%B,Q)
(

+ )
(I{Q T Io Ko )
(4.29)
where
]27r max
aspTA(2) = T (P — p)or cos O — 21T f7"*" cos v + K1(2),T,
727

bspT,1(2) = [(p—p)orsinOr + (§ — q)drAr sin O]
=27 (f sinyp + fRT Apsinyg),

72w
ASBR1(2) = T(q q)0r cosOp — 27T fR'*" cos VR + K1(2).Rs

72w

bspr,1(2) =—— 3 [(p — p)oTARsinbfr + (§ — q)0r sin O]

—2mT(ff Agsinyr + F sin ),

) . 27T,
app,i(2) = J2nT f1'* cosyr + JT(P = p)or cos O + Ki(2) 7,

2T, .
bpp.1(2) = —J207 fF7 sinyr + 157 (P — p)dr sinbr,

3277

CDBI(2) = Ty (¢ —q)0rcosbr —2n7 fR*"

COSYR + K1(2),R;

dpB,i(2) = %((j —q)0psinfp — 277 f° sinvg.

Many existing correlation functions, including the ones presented in Chapters 1
and 3, are special cases the space-time correlation function presented in (4.25)-(4.29).
By setting k1,7(ry = f2,7(r) = 0, isotropic scattering around the transmitter (re-
ceiver) can be modeled, the expressions for single and double mobile channels can be
obtained by the appropriate choice of f7*** and fi3'*" etc.

Expressions (4.27)-(4.29) are general for any number of the antennas A and
Ag. Consequently, the spatial correlation function components in the case of SIMO

channels will be
. wlp (\/ aZpry + b?S'BT.l)
lelq((;R) = ZSBT[ ’ i

"SBT IO (HI,T)

(1—w)ly (\/M)]

(4.30)

+

Iy (Ka,1)
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wly (\/a%mm + b%mm)

Rla:ldcs y —
s5i(0R) = 2sBR Iy (k1,7) (4.31)
s (1—w)ly (\/G%BRQ + b%‘mm)
Io (K2,1) 7

where
—7&5(g— dpr cos O
g =€ I (G—a)0r R

max

—j2mT f°T cos yr|
b

2SBR =€
_ j27(2 mazx
asBTA(2) = T~ 7T f7F cos v + Ki(2), 1,

]271— ~ . mazx _:
bspr,1(2) = T(q — q)0pArsinOg — 27 f7%F sinyp,

2T,
asBR1(2) = JT(CI —q)0g cosOr + K1(2),r,

21 : max :
bspr1(2) = ‘?T(q —q)0psinfp — 277 [ A g sinyy.

Equation (4.29) does not change, however its elements are expressed as

app,(2) = J2nT [ cosyr + K1), T)

bpp,i(2) = — 2T f7'*" sinyr,
J2m
CDB1(2) = T(q —q)0Rcos O + K1(2),Rs
721, .
dpB(2) = T(q — q)0gsinfg.

4.5 Time-Series Model

4.5.1 Path-Loss and Mean Large-Scale Fading

In analogy with narrowband single antenna channels, the combined path-loss and
mean LS fading A = A’ + S can be defined as

d —

where A is the deterministic path-loss at the reference distance dy = 1m and S is
found to be normal with zero mean (when expressed in decibels) over the whole set
of measured channels. The deterministic path-loss at the reference distance Ag, the
path-loss exponent 7 and the standard deviation o5 characterizing distribution of 'S
have been estimated from the data (see Table 4.6).
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Figure 4.19: Fit of the T-location scale distribution to measured LS fading

Table 4.6: Model parameters for path-loss and LS fading

Parameter | Value | Parameter | Value

O3 0.7 Ts 6.5 [S]
3 Ay 56 [dB]
n 3 o3 3.6

4.5.2 Dynamic Large-Scale Fading

When the deterministic path-loss and mean LS fading are removed and small-scale
fading is averaged out, the remaining variations are due to dynamic LS fading, as de-
tailed earlier. In line with previous results, the dynamic LS fading might be described
by a t-location scale distribution with zero-mean (¢4 = 0) by definition, v = 3 degrees
of freedom and a scale parameter o (see Table 4.6). Fitting of Normal and t-location
scale distributions to measured data is shown in Figure 4.19.

The dynamic LS fading autocorrelation over time is modeled as a decreasing ex-
ponential, whose decay time 7; is also shown in Table 4.6. Hence, we use an autore-
gressive process to generate autocorrelated dynamic LS fading values,

S(t) = e 2T S(t— A t) + /1 — e 28t/ Ts (1), (4.33)

where z; is a time series of length 7', whose values are drawn independently from the
distributions described by Table 4.6 and A ¢ equals the stationarity period.

No correlation between dynamic LS fading and the SS fading states has been
found, so that we can combine independently simulated dynamic LS fading and small-
scale fading realizations.
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4.5.3 Small-Scale Fading

The reference model described in Section 4.4 assumes an infinite number of scatter-
ers, which cannot be applied in a practical simulation model. Hence, it is necessary
to propose a model with a finite number of scatterers, while still matching with the
statistical properties. The complex faded envelope (4.18) can be written as

WPa(t) =woR{h]Hs(t)} +wsBrRR MG R (1)} + wsBrR{ME (1)}
+wppR{NE (1)} +wprR{MS 5 (t)}

3[0S M5 (1)} + ws RS R(0)} + wsprS (W (1)}

FwppS{hy,(t }-i—wuBl\f{hum()}]

(4.34)
=wohh 59 (t) + wspRME () + wsprhbis (1)

+wpphlys (£) + wprrhiy) (1)
{03 () + wsnrhEER (1) + wsprhEEE (1)

+wpphBSP (1) + wpprhiy? (t )}»

where 3t and & denote real and imaginary operations, respectively. By proceeding as
in [58], we can express the components of (4.34) as:

liqég) (t) =cos [27rtjm‘”” cos (7 — aﬁgs —97)
e (4.35)
+ 2mt f%% cos (aLR(q?S — VR) — Tepq] ,
M
hgqé]T) Z [ —lg — 2wt fR*° cos VR] cos [lp cos (O — af)
m:
+ 27t 7% cos (o — yr) + lgAp sinOg sin o
+ 27t fR O Apsinygp sina] + qu] ,
(4.36)
hg%R Z cos [fn + 1, + 2wt f74 cos 71} cos [l cos (a'p — OR)
+ 27t f %7 cos (s — Yr) + L,ArsinOpsina’
+ 27t f " Ap sinyp sin o'y + ¢n} ,
(4.37)
ipq(l)(t) \/_ Z oS [l cos (O — aff) + 2wt f74% cos (o — ’yT)]

n,m=1

cos [lq cos (a'p — Or) + 2wt f*" cos (o —Yr) + ¢mn:|
(4.38)
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N
1
hgzgl) Z cos [l cos (a'p — Or) + 2mt f5 %" cos (s — YR) + rj)n]

n=1

%

M
X Z cos [l cos (0p — afp) + 27t f17*% cos (aff — yp) + qu},
m=1

(4.39)
hiq(g%)( t) =sin [27rtfm” cos (m aﬁgs —7)

2

(4.40)
+ 2t f4° cos (oz,L%fI)b —YR) — Tepq} ,

1

M sin [{m —lg — 2wt " cos 'yR] cos [lp cos (B — o)

hEsD (t)

HME

+27thmaxsm(oz —yr) + lgAp sin O cos o

+ 27t fR " Apsinyg cos o + qﬁm} ,
(4.41)

N
1
hgqf(;%) (t) = \/—NZ sin [gn + I, + 27wt f7°7 cos 'yT] cos [l sin (o — ORr)

+ 27t fR 4 sin (a's — Yr) + [, AR sin Oy cos o'k

+ 27t fP " A sinyr cos o'y + gbn] ,

(4.42)
N,M
hpq(Q)( t) = Z sin |1, cos (07 — aff) + 27t f74% cos (o] — yr)
v n,m=1 [ ]
sin [lq sin (o} — Og) + 2wt fR* sin (o — YR) + Qbmn:|
(4.43)
lngIJ(BQI)(/) — Z sin [l sin (o — Or) + 27t fR*“sin (o — Yr) + ¢n}

M
st [l cos (O — o) + 2wt 27 cos (o) _’71)+¢m]7
=
(4.44)

where I, = m(Agr + 1 —2¢q)6g Aand I, = 7(Ar + 1 — 2p)or A.

For the simulation model, phases ¢,,, ..., ony and path-gains &, &, are gener-
ated as independent random variables uniformly distributed over [—7, 7). Numbers
of scatterers N = M = 32. Since, the simulated channels will be compared with
the measured ones, the other parameters used for simulations are A4, = 8, Ap =
1, e — 1m/5, e =0, = 0.5\, orientation of the antennas 6 = %

The angles of departure and arrival follow distribution in (4.13) with the time-
variant parameters generated as it was shown in Section 4.3.4. Time-variant weights
wp, w1, we are calculated from time-variant parameters «(t), 3(t) (see Figure 4.20)
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Parameters

0 10 20 30 40 50 60 70
time sample

Figure 4.20: Example of simulated time-variant SOSF statistics

which are modeled as shown in Section 4.3.2. Note, that parameters ¢, 3, 51,2, w are
not changing within one stationarity period.

4.6 Simulations and Validation

Figure 4.21 compares the statistics of two sets of measured channels and generated
channels using the model in Figure 4.23. To verify the model under different condi-
tions similar to the ones which were used in the measurement campaign, we simulated
sets channels between nodes separated by the distances listed in Table 4.2. Next, we
compared the CDF of the generated small-scale fading with the CDF of measured
small-scale fading. To quantify the difference between CDFs of measured and simu-
lated small-scale fading, the mean squared error (MSE) was estimated and the asymp-
totic value of MSE (4.6 - 10~?) has been achieved after 6 simulation trials. Similarly,
after 5-6 simulation trials, the value of Kullback-Leibler divergence becomes smaller
than the threshold of 0.01.

In Section 4.3.4, model for APS has been presented as well as the visual compar-
ison of modeled and measured APS (see Figures 4.16 and 4.17). Since the measured
APS is compared with statistical realizations of APS, the agreement can be evalu-
ated only qualitatively. However, to validate the model, second order statistics can be
used: Figure 4.22 shows the cumulative distribution function of the root-mean-square
azimuth direction spread. The mean of RMS distribution is similar, but still slightly
higher than the one reported in [93]. The explanation of the difference can be in the
fact that the environment considered in this thesis is reacher of scatterers than the large
offices and laboratories investigated in [93].

Summarizing, the complete multidimensional channel model is presented in Fig-
ure 4.23: independently generated realizations of path-loss large- and small-scale fad-
ing are combined together to obtain channel realizations with time-variant statistics.
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Figure 4.21: CDFs of measured and simulated small-scale fading and comparison
with Rayleigh and Double Rayleigh distributions

4.7

Summary

This chapter has presented an analysis and an empirical model of time-variant channel
statistics of a peer-to-peer network based on measurement in an indoor office environ-
ment at 3.8 GHz:

1.

Reference and simulation models for MIMO second-order scattering fading
channels have been proposed.

Analysis of measured Rx spatial correlation matrices shows that the minimum
stationarity period equals 0.8 s.

. Distribution of angles of arrival can be described by a bimodal Tikhonov-von

Mises distribution with time-variant parameters Gamma (1, x2) and Beta (w)
distributed.

Small-scale fading does not depend on mobility and follows a SOSF distribu-
tion.

. Distributions of the parameter a can be modeled by Beta distribution.

. Distribution of the K-Factor can be well approximated by Extreme Value distri-

bution.

. Transitions between the fading states are described by a hidden Markov model

fully parameterized from the measurements.
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Figure 4.22: Cumulative Distribution Functions of RMS azimuth direction spread.
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Figure 4.23: Flow-diagram of the channel model

8. As in Chapter 3 experimental dynamic LS fading distribution follows the t-
location scale distribution.

9. The proposed model has been validated and good agreement between simula-
tions using the proposed model and measurement data is obtained
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Chapter 5

Wideband Channel Models

In this chapter, we propose a physical-statistical technique combining the Room Elec-
tromagnetic (REM) Theory for modeling deterministic channel components with a
geometry based stochastic channel model with time-variant statistics for modeling
stochastic channel components. The method enables the reconstruction of the PDP in
a room-to-room dynamic scenario, including effects introduced by the mobility of the
communication nodes. The main contributions are as follows:

e The prediction of the specular reflections is improved compared to [94] since
e.g., the motion of the transceivers is accounted for.

* We analyze and model the time-delay variations of indoor channels statistics
based on measurements. The combination of extracted first- and second-order
statistics enables to implement a channel impulse response (CIR) generator.

* To model the sudden changes of fading statistics, we use a three-step approach:
(i) for reflecting the sudden changes of the statistics, we use a hidden Markov
model [79] parameterized from measurements, (ii) the impacts of the line-of-
sight (LOS) term and the Rayleigh component are modeled according to a Ex-
treme Value distribution, fitting the measurements, (iii) fading realizations arc
generated [78].

* A model for large scale variations of the CIR is proposed.

The chapter is organized as follows: Section 5.1 presents the measurement setup,
including the scenario, sounding equipment and antennas. It also outlines the data
post- processing approach and the channel representation. Section 5.2 describes ana-
lyzed experimental results as well as the modeling of time-variant components. The
global model is validated in Section 5.3.2. Finally, conclusions are drawn in Sec-
tion 5.4.
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Figure 5.1: Pictures of the rooms and the floor-plan
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Table 5.1: Distance between the nodes
Node | Rx1 Rx2 Rx3 Rx4 Rx5

Txl | 49m 65m 46m 56m 74m

Node | Rx6 Rx7  Rx8  Rx9 Rxl0
TxI [ 97m 12m 121m 92m 7.6m

Table 5.2: Measurement Parameters (After Post-Processing)

Parameter Value
Center frequency 3.8 GHz
Transmit power 23 dBm
Measurement bandwidth 200 MHz
Recorded delay chips C' 2048
Recorded time samples N 6000
Measurement duration 60 s
Code length 20.47 us

5.1 Measurements and Methodology

5.1.1 Environment

Results shown in this chapter are based on channel measurements carried out at the
Université catholique de Louvain (UCL), Louvain-la-Neuve, Belgium, in Fall 2014.
The investigated environment was located on the second floor of an office building,
and consisted of two adjacent typical office rooms separated by a brick wall, as il-
lustrated in Figures 5.1. Circles indicate mobile receivers Rx1 to Rx10 (moving
in random directions over a small area within a square of 1 m? at walking speed,
v & 1 m/s), whereas the square indicates the static transmitter (Tx). The separations
between all nodes are listed in the Table 5.1.

5.1.2 Equipment

The measurements were carried out with UCL/ULB Elektrobit PROPSound™ Chan-
nel Sounder (CS) at a carrier frequency of 3.8 GHz. The nodes were connected with
the channel sounder using long low-loss RF cables of equal length. These cables had
excellent RF stability, even when they were slightly bent or moved during the mea-
surements. At the nodes, custom-made dipole antennas with a gain of 1.75 dB and an
omnidirectional radiation pattern were used (see Section 2.3). The channel sounder
used long pseudo-noise (PN) sequences to estimate the impulse response of the radio
channels between Tx and Rx nodes. The measurement parameters are summarized in
Table 5.2. The recorded channel impulse response is denoted by h(t, 7, j), where ¢
denotes the time index, 7 denotes the delay index, and j denotes the link index (a link
joining one transmit node to one receive node).
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Figure 5.2: Schematic of the methodology.

5.1.3 Channel Representation

The methodology proposed here is based on i) the prediction of the deterministic
PDP (in static scenario), and ii) the prediction of (stochastic) LS fading and SS fading
statistics. The small-scale fading statistics [3, 43] describe the variations - around
the average power level - caused by random motions of the transceivers. The general
methodology to reconstruct the PDP is illustrated in Figure 5.2.

Indoor channel measurements have shown that the PDP averaged over time consists
of two parts: a primary part and a reverberant part [67, 68, 69]. The complete PDP
is the superposition of the primary and reverberant components, the LS fading which
affects only the primary component, and the small-scale fading

PDP(t,7) = (S(t) - PDP,i(T) + PDP,c, (7)) - |G(t,T) %, (5.1)

where PDP,.;, PDP,.,, S and G are the (deterministic) primary component, (deter-
ministic) reverberant component, temporal large- and small-scale variations, respec-
tively. All components in (5.1) are expressed in a natural scale.

5.2 Time-Delay Variant Channel Components

The modeling approach for the stochastic channel components (step B of Figure 5.2)
is explained in this section. As mentioned above, the stochastic channel components
can be expressed as the product (when expressed in natural scale) of the temporal
large-scale variations S(t) and time-delay variant small-scale variations G(t, 7):

 Temporal large-scale variations S(t) are introduced by mobility of scatterers
and slow changes of the environment. Only primary components (see Fig-
ure 1.10) are affected.

* Time-delay small-scale variations G (¢, 7) (in natural scale) caused by multipath
interference resulting from the small-scale motions of the stations and/or the
environment. Both primary and reverberant components are influenced by these
variations
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G(t,7,j) = ht.7.J) (5.2)

~ /PDPu(r.j) - S(t.))

where PDP,,(7,j) is an averaged over time PDP for channel j, the small-scale
fading amplitude is then simply defined as ¢ = |G|. Analogous to the terminology
used for narrowband channels, let us denote S(t) and G (¢, 7) as large- and small-scale
fading, respectively.

Figures 5.3 a, b, ¢ show measured changes of the received power, measured PDP
that is constant over time for a given link and time evolution of large- and small-scale
variations for a fixed delay, respectively.

5.2.1 Large-Scale Fading Characterization and Modeling

To extract non-deterministic components of the channel, first, the measured PDP,,
has to be subtracted from the considered channel P(t, 7, j) = 10log |h(t, 7, 7)|?|a5 —
PDP,,(7,7)|as- Next, to estimate LS fading, we average out the small-scale fading
by using a moving window spanning 7,,, = 1.5 s (see Figure 5.3 ¢), so that the time-
variant average power can be written as

t+Tav/2 7

. 1 o
S(t’j):Tav-n o Y IPE )l (5.3)

t=t—T,/27'=0

The choice of T, is such that the small-scale fading is averaged out, while still fol-
lowing the slow variations induced by the motion of the nodes and/or people. Dif-
ferent sizes of the window have been checked and the window span has been chosen
to be equivalent to 20 wavelengths. This size of the sliding window was also used in
[92, 82].

When the static PD P,,, is removed and time-delay small-scale fading is averaged
out, the remaining variations are due to large-scale fading, as detailed earlier. We
observe in Figure 5.4 a that the LS fading (in dB) is described by a t-location scale
distribution with zero-mean (¢ = 0) by definition, v = 8 degrees of freedom and
a scale parameter o5 = 2.4. This distribution has been used previously to describe
large-scale fading in Chapters 3,4, so that large-scale fading is assumed to have a
Gaussian distribution with an unknown variance distributed as inverse gamma, and
then the variance is marginalized out.

The LS fading autocorrelation function (ACF) over time is modeled as a decreas-
ing exponential, whose decay time 7; = 8.4 [s] (see Figure 5.4 b). Hence, we use an
autoregressive process to generate autocorrelated LS fading values:

St)|ap = e 2V S(t— A t) + V1 — e=28U sz g(1), (5.4)

where xg is a t-location scale distributed variable generated independently for each
time instant ¢ and A ¢ equals the state duration.

No correlation between large-scale fading levels and the small-scale fading states
has been found, so that we can combine independently simulated large- and small-
scale fading realizations.
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Table 5.3: Probabilities of the subsets and transition probabilities

. Transitions
Subset Probability | Rician | Rayleigh
Rician 0.65 0.84 0.16
Rayleigh 0.35 0.85 0.15

5.2.2 Small-Scale Fading Modeling

As it was shown in [31] and in Chapter 1, we define the stationarity period as 1.5 s.
To extract first-order statistics of time-delay fading, the whole delay range is first
partitioned into bins of 7, = 10 ns (2 delay chips) each. This leads to a total number of
B = 1024 bins per time instant and link. Next, 40 x 1024 blocks of 150 x 2 realizations
(corresponding to 73, = 1.5 s or 20 wavelength) can be used to extract statistics.

It turns out that complex channel impulse responses fade out to the noise level for
delays larger than 250 ns (50 delay chips) so that we can use only first 40 x 25 blocks
for each measured link j. Note that we can normalize fading so that E{¢g?} = 1, the
expectation being taken over time or delay.

First-Order Fading Statistics

As shown in Chapter 3, we can expect small-scale fading within a bin to be Rician
or Rayleigh distributed for single mobile scenarios. The time-delay varying K-factor
can be estimated from experimental time-delay fading realizations g(t, 7, j) by fitting
the Rice probability density function. 40 x 25 realization blocks have been used.
Extracted probabilities of the subsets (Rician and Rayleigh) and transition probabili-
ties are shown in Table 5.3.

Temporal transitions between different fading states can be modeled by means of
a hidden Markov model (HMM) [79]. Usually, the system being modeled by a HMM
is assumed to be a Markov process with unobserved (hidden) states. Since only two
distributions of small-scale fading are observed, we model the transitions between
the subsets using a simple two-state HMM: (i) Rican fading and (ii) Rayleigh fading.
Consequently, the HMM is parameterized from the measurements.

To simplify the usage of first- and second- order statistics derived in [43], let us
denote:

wo = (5.5)

/ K
w1 = ].*H_—K. (56)

where K is the estimated K-factor (in dB); wg and w; describe the impact of the LOS
term and Rayleigh component respectively.

The distribution of the K-factor for the Rician subset can be modeled by Extreme
Value distribution, when the K-factor expressed in decibels (see Figure 5.5). The
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Table 5.4: Measured Parameters

Parameter Value
wpp 2
WSBT = WSBR <
R 3m
fm 13.8 MHz

temporal autocorrelations of the measured K-factor is a decreasing exponential func-
tion . Hence, the model presented in Chapters 3 and 4 (i.e. an autoregressive pro-
cess) can be used to generate autocorrelated values of the K-factor over time samples
t=1[,---.,7)):

K(t)|ap = e 2™ K(t— A t)|ap + V1 — e=28/ T2k (1), (5.7

where x  is a time series of length T, whose values are drawn independently from the
appropriate distribution and A t equals the state duration. The parameter 75 = 2.5[s]
is extracted from measurements.

It turns out that the first order statistics are not correlated over delay bins, conse-
quently, time-variant fading within a bin can be modeled independently from neigh-
boring bins.

Second-Order Fading Statistics

The room to room environment can be approximated by a double-ring representation
[59] as shown in Chapter 3. The correlation functions of the fading can be expressed
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as

Rg,c, (1) = Rg,c,(T) = Raa (1) = E[G(1)G4(t + 7)]

= w3 cos (277 (fm cos O)) (5.8)
2

() () o Bo),

Ra,6,(1) = —Rg,6,(1) =0, (5.9)

where f,,,, ©, R and D denote the Doppler frequency caused by motion of the mobile
node, the angle of the motion, radius of the ring which is formed by scatterers located
around the static node and the distance between Tx and Rx, respectively.

Small-scale fading realizations used to extract the parameters wy and w; were ana-
lyzed to estimate the parameters of second order statistics. First, the Doppler Spectrum
was calculated. Next, the Doppler frequency was estimated so that we could calculate
the radii using measured Doppler spectrum and the theoretical one. Finally, estimated
parameters (R, f;,, and the components weights) were averaged over all channels and
samples and bins. The summary of the analysis is listed in Table 5.4.

5.2.3 Time-Series Modeling

Summarizing, we propose to model channels with time-variant statistics and a static
PDP as shown in Figure 5.6. We start with a random initial state of the HMM. Next,
using the corresponding distribution, we draw the weights (wp,w; ). Using a weighted
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combination of correlated small-scale fading realizations generated by the model' de-
scribed in [78], we obtain a pre-defined number of correlated complex fading realiza-
tions G(t). Next, the PD P(7) (modeled as it was shown in Section1.6) corresponding
to the considered delay and the large-scale fading are added to the small-scale fading
realizations. Next, the state of the HMM is updated. If the state is unchanged, we
use the autoregressive model described by (5.7) to generate a new value of wy for the
Rician subset or we keep the constant values of the parameters for the Rayleigh sub-
set. If the state is modified, depending on the subset, we generate the weights wq and
w1 using the corresponding distribution or we set fixed values (for Rayleigh). For the
next delay bin the algorithm should be repeated. Note that the duration of one state
equals 1.5 s.

5.3 Simulation Results and Validation

5.3.1 Reconstructed Power Delay Profiles

The deterministic modeled PDP do not vary with time. For a given position, the
variation in the measured PDP is due to the small-scale fading. The deterministic
models are presented in Figures 5.7 a,b. Measured time-variant PDPs are shown in
Figures 5.7 ¢, d. The complete model is the aggregate of the small-scale fading and LS
fading levels and the deterministic model for the considered nodes (Rx1,7). Example
of the total PDP models in the dynamic scenario are shown in Figures 5.7 e, f.

Given the room dimensions in Figure 5.1, and by applying (1.74), we obtain a
reverberation time of about 20.80 ns for the in-room scenario. In this study, Tx and Rx
are located in adjacent rooms (see Figure 5.1). Therefore, we apply (1.76) and obtain
a theoretical reverberation time of about 24.80 ns for the adjacent room scenario.

Table 5.5: Experimental values of the reverberation time for the different nodes
Node | RxI Rx2 Rx3 Rx4 Rx5

Tr,a (0S) | 21.85 2145 2510 28.20 22.80

Node | Rx6 Rx7 Rx8 Rx9 Rxl0
Tra (08) | 1990 2055 2075 2055 22.10

Experimental values of the reverberation time at different nodes are shown in Ta-
ble 5.5. On average, an experimental reverberation time of 22.30 ns and a standard
deviation of 2.50 ns are obtained. The relative difference between the experimental
and theoretical reverberation time is about 11.20%, indicating good agreement be-
tween the predicted and measured reverberation time [75]. The formula overestimates
the reverberation time value because of the presence of furniture in the room. Only
walls, floor and ceiling are indeed considered; hence, this will lower the experimental
reverberation time value compared to the predicted one.

IFilter coefficients used in the model are specified by appropriate first- and second-order statistics de-
rived in Chapter 3.
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5.3.2 Validation

The validation is an important step in any model development. To validate the model,
we use a two-step approach: i) we check if the model reproduces correctly the mea-
sured statistics of the time-delay variant components, ii) we show that parameters
derived from the model (but not directly used to parameterize it) agree well with the
equivalent measured parameters of the channel.

Statistics of Time-Delay Variant Components

Figure 5.8 compares the statistics of measured channels and generated channels using
the model described in Section 5.2. To verify the model for different distances, we
simulated links between nodes separated by the same distances as we had for mea-
sured channels. Next, we compared the cumulative distribution function (CDF) of
the generated combination of large- and small-scale fading with the CDF of the same
components of the measured set of channels. It is obvious that statistics of simulated
channels are in good agreement with the simulated ones.

Instantaneous Delay Spread

We define here the instantaneous root-mean-square (rms) delay spread as

_ 2
Trms ( \/fo T (tTWt il dT, (5.10)

)|2dT

where 7(t) is the mean delay of the instantaneous channel h(t, 7). The objective of
defining the instantaneous rms delay spread is to produce cumulative distribution func-
tions (CDF) of the rms delay values obtained in the dynamic scenario (time domain)
for both the measured and predicted PDPs. The comparison of the mean rms values
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from the measurements and model is listed in Table 5.6. Parameter A7, is the dif-
ference between the mean predicted and measured rms delay spread values. Relative
errors App,s = 100 (7522 — 7/meas) [min (7552, 77145 are also listed in the table.

Averaged value of AT, for all the nodes equals 0.24 ns (or 1.04 %). This asymptotic

value of the error A7V is achieved after 20 simulation trials.

Table 5.6: Experimental and predicted average values of the rms delay spread for the
different nodes

Node | RxI Rx2 Rx3 Rx4 Rx5
Distance (m) | 49 65 46 56 74
Tenk (ns) | 2067 2311 19.82 23.12 22,63
T (ns) | 2043 227 2001 2257 2261
ATrms (ns) | 024 041 019 055 002
ATrms (%) 181 096 24 0.9

Rx6 Rx7 Rx8 Rx9 RxI10
Distance (m) 12 12.1 9.2 7.6

| 1
Node |
| 9

Temb: (ns) |24 12 2414 24.07 2351 21.63
|
|
|

rmod- (ng) 24 2404 2401 2387 22
ATrms (s) | 012 011 006 036 037
ATrms (%) | 05 046 025 156 171

The CDFs of rms delay spread values of two nodes are shown in Figures 5.9 a and b.
Two cases are demonstrated: Figures 5.9 a shows CDFs with the largest error A7y,
whereas Figure 5.9 b shows CDFs with A7,.,,s = 0.24 ns, which equals the asymp-
totic value of the error A7%9.

On the one hand, we observe that the rms delay spread value approaches the the-
oretical reverberation time for the room-to-room scenario, i.e., 7 = 24.80 ns, for
increasing Tx-Rx distances (e.g. Rx7,8). This shows that the influence of the primary
components decreases when the Tx-Rx distance increases and the diffuse fields be-
come prominent. Therefore, the shape of the PDP approaches an exponential decay
(o — 7). For node Rx4, we observe the largest error (see Table 5.6). The possi-
ble explanation is that this channel is highly affected by two large metallic cupboards
(Figure 5.1).

On the other hand, when we compare the cumulative distribution function of
the experimental and modeled rms delay spread, we can conclude that the propose
methodology estimates well the PDP in room-to-room scenarios. Measured and sim-
ulated CDFs do not agree completely but a reasonably good match in terms of sam-
ple mean and sample variance is achieved for all the nodes (except node 4, see Fig-
ure 5.9 a) with the asymptotic error A7*%9 = (.24 ns. As mentioned above, this large
error for node 4 is due to the proximity of this node to large metallic cupboards (see
Figure 5.1).
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Figure 5.9: Cumulative distribution function of 7,.,,,s: measurement versus model

5.4 Summary

We have designed a methodology for the prediction of power delay profiles in room-
to-room dynamic scenarios. The success of the method is guaranteed by the predom-
inance of the diffuse scattered fields in the considered environment. Basically, the
deterministic part of the method is based on the reverberation time of the environ-
ment, which fully describes the diffuse fields and predict the average power level.
Moreover, we have proposed models for time-delay large- and small-scale fading. A
Hidden Markov model has been used to describe the evolution of the small scale fad-
ing statistics and then time-delay fading realizations have been generated using the
Young’s model [78].

This model enables to describe of the evolution (or change) of the power delay
profile in the time domain. The method has been validated against the measurements
and good agreement is obtained. Note that the model can be easily extended to double
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mobility cases by using the five-state HMM described in Chapter 3. Moreover, it has
been showed that the distribution of Rician K-factor can be modeled by Extreme Value
Distribution as it was done in previous Chapters and in [43].
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Conclusions

Research Contribution

Despite the fact that distributed, peer-to-peer and MIMO indoor systems have been
designed and used for various applications for some years now, there is still a room
for improvements. Channel modeling is one of the aspects where researchers and
engineers face many challenges.

To enable the successful design of communication systems, such an important is-
sue as non-stationarity must be taken into account. The assumption of stationarity
is still used in the majority of the algorithms at the Tx and Rx. One could say that
an indoor environment cannot change as fast as in the case of car-to-car communi-
cation, for example. However, published papers [15, 38, 16] report that statistics of
indoor channels are varying over time. Consequently, the classical approach is no
longer valid. Hence, this opens the door to new radio propagation channel models,
that would describe this specific feature. New models can infuse new life into already
existing algorithms which could be improved by taking into account the non-stationary
description of radio propagation channel statistics.

That was the reason why our research was focused on the modeling of non-stationary
SISO and MIMO multipath fading narrow- and wideband channels. Three measure-
ment campaigns were conducted in 2009, 2014 and 2016. Different scenarios were
extensively investigated for indoor environment.

It has been shown that measured indoor small-scale fading channels cannot be
considered stationary for the whole measurement duration. However, periods over
which the channel is stationary can be defined based on the correlation matrix distance
or power delay profiles correlation analysis. The problem of choosing an appropriate
window size is addressed in this thesis. When the stationarity is defined using CMD
as a metric, it turns out that the time window used for the receive correlation matrix
estimation equals 5 - 7', where T' is the minimal coherence time. Next, CMDs are
calculated and stationarity periods can be estimated. When the correlation of time-
variant PDPs is the used metric, it is enough to choose the window long enough to
average fading out. In the thesis, the period duration varies between 0.8 — 1.5 s for
different investigated cases depending on the environment.

Let us first concentrate on channel analysis within a stationarity period. It turns
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out that small-scale fading rather follows a weighted combination of different known
distributions than a single one. This mixed type of fading can be described by a
Second Order Scattering Fading (SOSF) distribution which reflects any combination
of Rician, Rayleigh, and double-Rayleigh fading.

New double-ring geometry-based reference models including so-called single- and
double-bounced components with independent and correlated scattering have been
proposed for single- and multi-antenna channels as well as a new sum-of-sinusoids
simulation model for MIMO second order scattering fading channels. The models
available in literature consider only single- and double-bounced correlated scattering,
however it is shown in this thesis that inclusion of the independent scattering signifi-
cantly changes first and second order statistics of the channel. It turns out that Double
Rayleigh fading (observed in 83-93 % of measured fading ensembles) is caused by
this scattering mechanism. Summarizing, theoretical analysis of small-scale fading
statistics reveals that:

1. In single antenna double-mobile scenarios, the channel is characterized by the
SOSF distribution, with statistics ranging from double-Rayleigh to Rician.

2. Insingle antenna single-mobile scenarios, temporal small-scale fading is Rayleigh
or Rician distributed.

3. Frequency small-scale fading follows a SOSF distribution.
4. Multi-antenna channels are described by a SOSF distribution.

From the reference models, correlation functions of both SISO and MIMO fading
channels are derived for an isotropic and non-isotropic scattering environment.

It is found out that experimental angles of arrival are rather described by a bimodal
Tikhonov-von Mises distribution than a simple one used in [95, 96]. It is shown that
two subscenarios must be distinguished: when the communication nodes are located
on the same and different sides of the corridor. When the corridor is a part of the prop-
agation channel, the major part of waves arrives over a smaller angular range. Usually,
the maximum direction of arriving waves corresponds to a corner of the room where
the Rx is located. In the case when the nodes are located in the rooms on the same side
of the corridor, AoAs are dispersed over a larger range, mostly concentrated in the di-
rection of the transmitting node. Moreover, a noticeable impact of the backscattering
is observed.

The next important question is how to model the temporal changes of statistics
from one stationarity period to another. An approach of modeling time-variant channel
statistics based on hidden Markov Models has been proposed. It can be parameterized
from measurements: empirical estimation and transition matrices were extracted for
the three investigated environments. We observed that predominant fading mechanism
can be described by a mixture of Rayleigh and Double Rayleigh distributions. Distri-
butions of the parameter o (corresponding to the impact of Double Rayleigh fading)
for the Rayleigh-double Rayleigh and A (joint impact of the LOS term and Double
Rayleigh fading) for the double-Rayleigh-LOS subsets can be well approximated by
the Beta distribution; the K-Factor (derived from parameter /3 of SOSF distribution)
of Rician fading is Extreme Value distributed. This approach with some modification
(usually inclusion or removal observed/absent types of fading) has been used through
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the thesis for SISO and MIMO narrowband channels and in a single-antenna wideband
channel modeling. This shows that the proposed approach can be used as a framework
for propagation modeling in various indoor environments.

It is necessary to mention that the scale of node’s motion also has an impact on
the statistics: limited motions (= 1m?) result in smaller impact of independent double
bouncing and, consequently, of Double Rayleigh fading.

The time-variant behavior of the angular distribution has been studied as well.
Distributions of bimodal Tikhonov-von Mises’ parameters can be approximated by
Gamma (k1, x2) and Beta (w) distributions. Since, the autocorrelation functions of
the parameters is decreasing exponentially, temporal variations of parameters x1, K2
and w can be modeled by autoregressive functions.

A methodology of time-variant power delay profiles has been designed in the
room-to-room dynamic scenario. Basically, the deterministic part of the method is
based on the reverberation time of the environment, which fully describes the diffuse
fields and predict the average power level. Moreover, the SISO model described above
has been extended for modeling of large- and small-scale fading of a fixed tap. This
model enables to describe the evolution (or change) of the power delay profile in the
time domain. Note that the wideband model can be easily extended to double mo-
bility cases by using the five-state HMM described in Chapter 3. Moreover, it has
been shown that the distribution of Rician K-factor can be modeled by Extreme Value
Distribution as it was done in Chapters 3-5 and in [43].

In the thesis, the study of large-scale fading was not the main point of interest.
However some interesting results have been achieved: the high relevance of the con-
cept of separating large-scale fading into two parts (dynamic and mean) proposed in
[3] has been confirmed. Normal distribution with zero-mean and the variance cx-
tracted from measurements can be used for mean large-scale fading modeling and
dynamic large-scale fading follows a t-location scale distribution. In other words, the
dynamic LS fading is assumed to have a Gaussian distribution with an unknown vari-
ance distributed as inverse gamma, and then the variance is marginalized out. The
t-location scale distribution has longer tails which represents the measured data better.
Note, that different mechanisms typical for investigated scenarios lead to variations of
the value of the scale parameter oz depending on the type of mobility and the motion
scale. We can make a conclusion that the more scatterers and objects interacting with
radiated waves are involved in the propagation, the higher oz is: it is obvious that ex-
tended motion of both nodes will result in more significant variations of the LS fading
levels than in the case of limited motion of the Tx (Rx) while the Rx (Tx) is static.

The presented models have been validated against the measurements and a good
agreement is obtained.

Perspective and Future Work

Considering growing demand of multimedia services and the tendency that more and
more devices need to provide an access to these services in indoor environments, sev-
eral probabilities for future researches could be suggested, for example

* There is always a room to improve a channel model. For example, our geometry-
based models assume that the scattering objects are stationary, which is an unre-
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alistic assumption in certain situations. It could be useful to extend the presented
models to a 3D case.

Measuring indoor channels in many different locations/buildings could provide
us more statistics and, consequently, make the model more universal.

An improved channel model is not a goal in itself, that is why improvement
in the system performance that can be expected when taking into account the
non-stationary behavior of radio propagation channels has to be determined.
Already existing algorithms have to be optimized in order to take advantage of
this non-stationary channel behavior. For instance, the adaptive beamforming
applications be an answer, due to the ability to transmit information in a way
maximizing the experienced radio propagation channel’s stationarity.

Existing channel models are mostly not fully compatible with distributed MIMO,
MU-MIMO and cooperative communication networks as originally they have
been developed for single link systems. Hence, the next research direction could
be to extend the concept of non-stationarity to next generation wireless commu-
nication multi-user systems, including relaying applications, cognitive radio,
etc. The definition of the non-stationarity in the context of multi-user systems
has to be established: the reference, metrics, level (the link level or more from
the system point of view) have to be defined.
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