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Abstract

Channel Prediction for Moving Relays

Ingrid Wiklund

In mobile communications, channel side information at transmitters can increase
capacity. For moving relays nodes, local nodes placed on buses and trams in urban
areas, the channel state information is outdated for control delays of several
milliseconds, as in the LTE system. Prediction of the channel based on statistic is not
adequate for vehicular velocities. In this thesis, prediction made with an additional
antenna, a ``predictor antenna", placed in front of the main antenna is evaluated. The
predictor utilises that the channel of the predictor antenna is highly correlated to the
channel experienced by the main antenna somewhat later, when the main antenna has
moved to the position previous occupied by the predictor antenna. A normalised
correlation of up to 0.98 could be measured between the channels of the antennas
for an antenna separation of several wavelengths, but it was found that the close
environment and the antenna pattern have a big impact on the correlation. The
predictions made with the antenna are also combined with predictions based on
statistics of past measurements from the main antenna to see if a better result can be
achieved. For a prediction range of 0.5 carrier wavelengths, a prediction as good as a
normalised mean square error (NMSE) of -13.9 dB could be seen. This is sufficient to
give a gain in the performance when using link adaptation and opportunistic multi-user
scheduling, based on channel state information at transmitter. The evaluations is
based on measurements on a 20 MHz downlink channel at 2.68 GHz.
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Sammanfattning

Trafiken p̊a mobilnätet växer snabbt, och att öka kapaciteten p̊a nätet är
en av de stora utmaningarna som mobilindustrin st̊ar inför idag. P̊a s̊a
kallade ”Hot spots”, där m̊anga människor samlas och vill ha tillg̊ang till
mycket data, kan det vara värt att titta p̊a extra lösningar. Ett exempel
p̊a ”Hot spots” är bussar och t̊ag i stadstrafiken. Kan en relänod p̊a bussen
eller t̊aget kunna öka kapaciteten? En relänod fungerar som en länk mellan
mobilanvändarna och basstationen, i detta fall med en antenn ute p̊a taket
som kommunicerar med basstationen, och med en antenn inne i bussen eller
t̊aget som kommunicerar med mobilanvändarna. Flera fördelar finns med
detta upplägg. Bland annat skulle signalstyrkan fr̊an användarnas mobil-
telefoner kunna vara mycket lägre, d̊a de endast behöver skicka data till en
antenn i bussen/t̊aget, istället för till en basstation mycket längre bort. En
buss eller ett t̊ag kan dessutom i vissa fall fungera som n̊agot av en faraday-
bur för mobilsignaler, och dämpa dem kraftigt p̊a väg in/ut genom väggar
och fönster. En annan klar fördel med en relänod är att noden kan ha helt
andra resurser än den vanliga mobilanvändaren i form av strömförsörjning
och beräkningskraft.

Kanalinformation hos sändaren

I ett system med relänoder blir noden en flaskhals, och för att öka ka-
paciteten i systemet blir det viktigt att öka kapaciteten i noden. Ett verktyg
för detta är att sändaren har information om radiokanalen d̊a den sänder,
s̊a kallad “Channel side information at transmitter”. Med en radiokanal
menas hur signalen ändras (distorderas) fr̊an sändare till mottagare. Hur
kanalen ser ut beror p̊a m̊anga saker, men främst p̊a hur omgivningen kring
och mellan sändare och mottagare ser ut. Kanalen kan enkelt mätas ifall
mottagaren vet hur den sända signalen ser ut. Men för att sändaren ska
kunna utnyttja kanalinformationen i sändningen m̊aste mottagaren först
mäta kanalen, skicka tillbaka den informationen till sändaren, där beräkningar
ska göras för att planera sändningen. Hur l̊ang tid detta tar är noggrant styrt
av ett protokoll, för till exempel dagens LTE-system är denna tid 5 ms. P̊a
5 ms hinner en buss som kör 50 km/h åka cirka 7 cm. Det kanske inte
l̊ater s̊a mycket, men p̊a grund av interferens hos elektromagnetiska v̊agor
kan kanalen ändras avsevärt p̊a den lilla sträckan. Hur mycket det ändras
beror p̊a vilken frekvens man skickar signalen p̊a. Ifall systemet har en
bärv̊agsfrekvens p̊a 2.68 GHz, s̊a betyder det att en v̊aglängd är ungefär
11 cm, och kanalen kan ändras fr̊an bra till d̊aligt om användaren rör sig
en sträcka i samma skala. Detta kallas för korttidsfädning. För att änd̊a
kunna utnyttja kanalinformationen s̊a försöker man prediktera hur kanalen
kommer se ut lite längre fram. Detta kan göras för n̊agra centimeter p̊a ett
tillräckligt bra sätt med till exempel en Kalmanprediktor. För avst̊and över
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en halv v̊aglängd behövs ett helt nytt koncept.

Prediktion med en antenn placerad framför huvudantennen

G̊ar det att mäta hur kanalen kommer att se ut genom att placera en extra
antenn framför den ordinarie antenn p̊a fordonet? Mätningar, som detta
arbete baseras p̊a, visar p̊a en uppmätt normaliserad korrelation p̊a 98%
mellan tv̊a monopolantenner placerade med tre v̊aglängders mellanrum p̊a
en mätbuss som körde i cirka 50 km/h. Det borde betyda att man kan
förutsäga vad som ska hända tre v̊aglängder längre fram med 98% säkerhet.
För att sändaren ska ha nytta av kanalinformationen bör säkerheten vara
högre än 92%. Detta är teoretiska värden p̊a hur bra det g̊ar att prediktera
kanalen. I detta examensarbete undersöks och utvärderas prestanda d̊a
man försöker prediktera kanalen med hjälp av korrelationen. Prediktorn
estimerar som väntat n̊agot sämre än det teoretiska värdet, men inte mycket
sämre. Det innebär att idén med prediktorantenn verkar fungera och är ett
intressant koncept för m̊anga tänkbara kommunikationssystem till fordon.

Prediktion baserad p̊a statistik

I vissa fall är det sv̊art att använda sig av prediktorantennen för prediktion,
till exempel om fordonet kör väldigt l̊angsamt eller st̊ar stilla, eller om miljön
kring antennen ändras av n̊agon anledning. D̊a kan man göra prediktion av
kanalen baserad p̊a statistik. I arbetet ing̊ar även att utveckla och utvärdera
en Kalmanprediktor, som sedan sammanvägs med antennprediktionen för
att f̊a en s̊a bra prediktion som möjligt.

Hur bra prediktion det g̊ar att göra med en Kalmanprediktor beror my-
cket p̊a hur statistiken för kanalen ser ut. Kommer signalen fr̊an m̊anga
olika h̊all eller kommer det mesta av energin fr̊an ett h̊all? Det är sv̊arare
att göra en bra prediktion i det första fallet, och n̊agot lättare i det an-
dra. Mätningarna som används i detta arbete tillhör den senare kategorin.
Naturligtvis beror det ocks̊a mycket p̊a prediktionshorisonten, det vill säga
hur l̊angt fram man försöker förutsäga kanalen. Vid en prediktionshorisont
som motsvarar cirka 0.5 v̊aglängder, s̊a fungerar en Kalmanprediktor d̊aligt,
och gör lite skillnad för hur bra den sammanvägda prediktionen blir. Vid en
prediktionshorisont som motsvarar 0.25 v̊agländer s̊a är Kalmanprediktorn
mycket bättre och gör stor skillnad p̊a det slutgiltiga resultatet.
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Chapter 1

Introduction

In 1895, Guglielmo Marconi sent a radio signal wireless over a distance of
several kilometres. Since then the wireless communication field has been
constantly growing. Today, over a hundred years after that first experi-
ment, almost everybody is carrying a cell phone. There are many more
mobile devises around today than only some years ago, and the traffic is
increasing fast. With the entrance of the smartphone on the market, the list
of applications and services that is offered grows rapidly, and with that the
need of data traffic.

Hot spots for mobile data traffic, where there are many users that want
to access a lot of data, are buses and trams in urban areas. To meet the new
requirements the Signals and System group at Department of Engineering
Sciences at Uppsala Universitet, together with Chalmers tekniska högskola
and Technische Universität Dresden, are researching the possibility of in-
creasing the capacity by placing relay nodes on buses or trams [1][2][3]. The
relay node would become a link between the cell phone user and the base
station, with an antenna inside the vehicle and an antenna on the roof of the
vehicle. One benefit of this concept is that the signal power from the cell
phones can be much lower, since they only need to transmit to an antenna
inside the vehicle, not to a distant antenna outside, and the transceiver of
the node inside the vehicle could utilise the rather static environment in
the bus or tram for advanced transmission schemes. Another benefit of this
concept is that the node would have better resources than the cell phones,
in terms of power supply and computational resources. However the relay
node could become a bottleneck of the system, and this can be a drawback,
should the capacity of the system be insufficient.

1.1 Problem Formulation

One of the tools for increasing the capacity of the relay node is to adapt
the transmission from the base station to the receiver on the vehicle roof

1



Figure 1.1 – The predictor antenna concept

to the current channel conditions. But this requires accurate Channel Side
Information at Transmitter (CSIT), which means that the transmitter has
knowledge about the channel between base station and receiver (the down-
link channel) when sending the message. The channel changes rapidly with
the movement of the vehicle, on the scale of a wavelength. This means that
the channel varies significantly over short distances when high carrier fre-
quencies (short wavelengths) are used. Hence, to be able to use the CSIT,
one has to predict the channel. For example with a carrier frequency around
2 GHz, and a latency in the system of 5 ms, one has to predict about 0.5
wavelengths ahead if the vehicle is driving at 50 km/h. A latency of 5 ms
and a carrier frequency in the range of 2 GHz is used in the Long-Term-
Evolution (LTE), standard for mobile data transmission, “4G systems”, de-
veloped by the 3rd Generation Partnership project (3GPP) [4][5]. We will
use the LTE parameters as a basis for the investigations performed in this
thesis. A conventional predictor, like a Kalman predictor would be an al-
ternative for obtaining predictions, however, the accuracy of such a channel
prediction is not good enough to boost performance [6]. Therefore, in this
thesis, an extra antenna used for prediction will be evaluated. We shall call
this antenna the “predictior antenna”, and it is placed in front of the main
antenna, and can measure the channel several wavelengths ahead of the main
antenna, see Figure 1.1. The predictor antennas should then measure ap-
proximately the same channel as the main antenna, the only difference being
that it measures the channel beforehand, and can in that way be used as a
predictor. The correlation between the antenna signals and the accuracy of
the channel prediction, will in this thesis be evaluated based on a large set
of measurement data that has been collected under different experimental
conditions. Similar measurements where preformed by Vaughan et al. [7],
in 1991. They did not, however, evaluate predictions based on the acquired
measurements.
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1.2 Outline of the Thesis

This thesis contains five chapters. This chapter introduces the concept of
the predictor antenna, and states the aim of the thesis. The second chapter
provides a theoretical background, discussing some channel statistical prop-
erties, such as fading, Doppler spectrum and time delay. It also contains
the theory behind the predictors evaluated in this thesis. The third chapter
contains information about the setup for the measurements used to evaluate
the predictors. In Chapter 4 the predictors are evaluated and the result
presented, and a discussion of the result can be found in Chapter 5.

1.3 Aim of the thesis work

In this thesis the aim is to develop and evaluate a channel predictor for relay
nodes on vehicles. Prediction is preformed based on two sources, the statis-
tics of the channel, and the measurement from a predictor antenna placed
in front of the main antenna on the vehicle roof. The two different predic-
tors are developed and evaluated separately, and then weighted together to
obtain a potentially better combined result.

To evaluate the predictors, data from measurements is used. The data is
collected in collaboration with Technische Universität Dresden and Chalmers
Tekniska Högskola in the spring of 2012, and these measurements represent
a continuation of the work reported in [3]. The data set is generated with
Orthogonal Frequency Division Multiplexing (OFDM) at a carrier frequency
of 2.68 GHz and a bandwidth of 20 MHz.

The measurement campaigns where preformed within the EU FP7 project
INFSO-ICT-247223 ARTIST4G. The work has also been supported by the
Swedish Research Council (Vetenskapsr̊adet) via the framework program
Dynamic Multipoint Wireless Transmission.

A complement to this work is presented in [8], as it evaluates the same
measurements, but it is more focused on the hardware effects and noise.
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Chapter 2

Theory

2.1 Radio Channels

When the signal is being transmitted from the base station to the receiving
antenna it propagates through the air, scatters in the environment, reflects
and refracts on buildings and on the ground. All the different paths with
different power and time delay interfere with each other when reaching the
receiver. The antenna and the hardware used to measure the received signal
has an impact on the signal as well. How the environment changes the signal
from transmitter to receiver is called the radio channel. The channel changes
with time if the receiving antenna is moving through the environment. It
also depends on the frequency of the transmitted signal.

The change of the channel due to the movement of the user in the en-
vironment is called fading. The channel fading depends on many things.
The distance from the base station will affect the power received on a large
scale, called path loss. Shadowing from buildings and other large objects
will change the pattern of the channel on a somewhat smaller scale, it is
referred to as shadow fading. Finally, constructive and destructive interfer-
ence between waves arriving from different directions will create a standing
wave pattern so that the channel strength changes from a dip to a peak when
the user moves in the pattern over a distance of around half a wavelength
of the carrier frequency. This phenomenon is called small scale fading [9,
ch. 2].

An example of a measured channel can be seen in Figure 2.1 where
the user is travelling at approximately 50 km/h. This figure shows that
the channel varies with respect to both frequency and time. The distance
between the fading dips is on the order of half a wavelength (one wavelength
here corresponds to approximately 0.008 s).
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Figure 2.1 – Power in dB relative to the maximal power of a measured radio
channel that changes in both time and frequency. The user is moving at ap-
proximately 50 km/h and the the carrier frequency is 2.68 GHz. The frequency
on the y-axis represents deviation from carrier frequency. The dark areas show
the fading dips.

2.1.1 Channel Statistics

Doppler Spectrum

When the receiver is moving, it will experience a Doppler shift of the carrier
frequency fc. The frequency shift fshift will depend on the angle θ of the
incoming beam against the direction of travel of the receiver with a velocity
v and the speed of light c,

fshift =
v

c
fc cos θ. (2.1)

The data of the measured channel can be represented as the power received
at different Doppler shifts. The received power at zero shift is caused by
incoming beams perpendicular to the direction of travel (cos θ = 0), and
the minimal and maximal Doppler shift will be caused by beams coming
directly from the rear, or directly from the front, respectively. In our case,
measurements were performed with velocities around v = 45 km/h and a at
carrier frequency fc of 2.68 GHz. The maximal doppler shift will then be
fD = fc · v/c = 112 Hz. The number fD is also denoted the Doppler spread
of the fading channel. Figure 2.2 shows a representation of the Doppler
shift in the measurements. All measurements are taken from approximately
the same two measurements locations, one with Line-of-Sight (LOS), where
the transmitting antenna is directly visible, and one with Non-Line-of-Sight
(NLOS), where the transmitting antenna is not visible. In the latter case,
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the received waves travel along indirect paths, via reflections and refrac-
tions on buildings. See Chapter 3 for a description of these measurements
and measurement sites. These Doppler spectra, depicted in figure 2.2, are
representative for all measurements.
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Figure 2.2 – Doppler spectra of three different measurements (green, black
and blue line) taken with monopole antennas mounted on a vehicle moving
at approximately 50 km/h. The vertical dashed lines represent the maximal
Doppler frequency fD, which in this case is around 112 Hz. The power is
normalised so that the total power over the spectrum is 1.

The shape of the Doppler spectrum will affect how well the channel can
be predicted1. If the Doppler spectrum is flat, and the signal power is coming
from all directions, then it is harder to make a good prediction, compare with
the case when most of the power is coming from a few directions, yielding a
Doppler spectrum with one or a few high peaks. The placement of the peaks
will affect the ability to predict the channel as well, if the peaks are centered
around zero Doppler shift, or is close to the maximal Doppler frequency. In
[10, ch. 6] this is discussed theoretically for some different Doppler spectra,
and in [11, ch. 6], the performance of a predictor versus how centred the
power is in the Doppler spectra is evaluated. As can be seen from Figure
2.2, there is a clear peak in both the LOS and the NLOS scenario. The peak
is located at frequencies somewhat less than ±fD, where the frequency of
the peak correspond to that of a direct signal from the base station.

Power Delay Profile

Different signal paths reach the user at different times, causing a spread in
the time of arrival at the receiver. To illustrate this, the received power can
be represented in the form of a power delay profile (also called a multipath

1The Doppler spectrum derived from the Jakes fading model (the Raylight fading
model) has peaks at ±fD and a valley in-between. This is a common model widely used
in simulations of fading radio channels.
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intensity profile). It shows the received power as a function of delay in the
received signal. Each propagation path will have its own time delay from
transceiver to receiver antenna. Figure 2.3 shows the power delay profile for
some of the measurements. As for the Doppler spectrum presented in Figure
2.2, these power delay profiles are also representative for all measurements
covered in this thesis. The plots show that most of the power is received
in a short peak, typical for the LOS scenario, but there is also a clear peak
for the NLOS measurements. This indicates that although the transmitting
antenna was not directly visible at the measurement site, there was still a
strong line-of-sight-like component. This is discussed more in Chapter 3.
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Figure 2.3 – Power delay profile of three different measurements (green, black
and blue line) taken with monopole antennas mounted on a vehicle moving at
approximately 50 km/h. The power is normalised so that the total power over
the spectrum is 1.
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2.2 Orthogonal Frequency Division Multiplexing

The OFDM technique [12] is used to send data in the experiments conducted
in this thesis, with parameters as in the LTE standard [4]. It is a widely used
technique for sending data on wideband channels, since it can make use of
many subchannels, without the need of matched filters for each frequency.

The OFDM technique makes use of the Discrete Fourier Transform
(DFT) to send symbols. The total bandwidth is split into N orthogonal
subcarriers, which in our experiments was N = 2048. At every timestep t,
a sequence of N complex symbols is to be sent S[i], i = {0, . . . , N − 1}.
The sequence is transformed with the Inverse DFT (IDFT) algorithm into
a discrete-time sequence,

s[n] =
1√
N

N−1∑
i=0

S[i]ej2πni/N , (2.2)

where s[n] is the sequence sent to the Digital/Analogue converter. The
resulting time-domain signal is then mixed with the carrier frequency, to be
sent over the channel, see Figure 2.4a for a simple scheme of the OFDM at
transceiver side. When the signal is sent over the channel some noise will
be added.

The received signal is down-converted and sampled to a sequence,

r[n] = s[n] ∗ h[n] + v[n], (2.3)

where h[n] is the impulse response of the channel and v[n] is noise, while
∗ denotes convolution. This sequence is then transformed to the frequency
domain with DFT yielding

R[i] = H[i]S[i] + V [i]. (2.4)

Here i = 0, . . . , N − 1 represent the subcarrier index. In the subchannel
model in equation (2.4) H[i] is the complex gain of the channel associated
with the ith subcarrier at time t, and the symbol S[i] placed on subcarrier
i by the transmitter, via equation (2.2). This complex-valued subchannel
gain will be called hf (t) in subsection 2.4.2, and henceforth, when referred
to measurements, this is what is meant. The timestep t, called the OFDM
symbol time, or just an OFDM symbol, will be N · ts long, where ts is the
sampling frequency. In our case, an OFDM symbol will be 0.1024 ms. For
a diagram of the receiver side, see Figure 2.4b.

If the transmitted symbols S[i] are known by the receiver, the complex-
valued frequency-domain subchannel H[i] can be estimated with

H̃[i] = R[i]/S[i]. (2.5)

The known symbols S[i] are called pilots, and in a mobile system, some
timeslots are reserved for these pilots. In this thesis, all transmitted symbols
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Figure 2.4 – Schematic sketch of the OFDM technique

are known, and used as pilots. More detailed information about the OFDM
technique can be found in e.g. [9, ch. 12].

The total bandwidth is, as mentioned before, divided into a number of
subcarriers. Each subchannel (channel over one OFDM subcarrier) is thus
represented by one complex time-varying scalar H[i]. To avoid Intersymbol
Interference (ISI), i.e. that the symbols overlap in frequency, a guard interval
must be added between the transmitted symbols. The guard interval has
to be long enough to ensure that the time delay in the channel does not
make the received symbols overlap in time. During the guard interval the
transceiver can either be quiet, or resend the initial part of the message. The
later is called use of a cyclic prefix. In the measurements used in this thesis
there is no need for a guard interval since the same sequence of symbols is
sent at all times.

The orthogonality between the subcarriers of the OFDM-system, is ob-
tained under assumption that the channel is static. When the channel is
time-varying, the orthogonality will no longer be exact. Therefore, the sig-
nal received at subcarrier i will also be affected by interference from adjacent
subcarriers. This phenomenon is denoted Inter-Carrier Interference (ICI).
The resulting Signal-to-Intercarrier Interference Ratio (SIIR) is for a Jakes

fading Doppler spectrum given by 10 log10(
6f2

∆

π2f2
D

) where f∆ is the subcarrier

spacing in Hz and fD is the Doppler spread of the time-varying channel,
also in Hz [13][14]. In our measurements, with f∆ = 10 kHz and fD ≈ 112
Hz, the corresponding SIIR is approximately 37 dB. This means that the
ICI is low, and as can be seen later in Section 3.2, insignificant compared
to the rest of the noise. In the following, the term V [i] in equation (2.4)
will be used to denote all noise and interference contributions at subcarrier
i, including the inter-carrier interference.
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2.3 Prediction with a Predictor Antenna

The antenna predictor considered in this thesis is based on a delay of the
measured channel of the predictor antenna hp, at the same subcarrier, scaled
by a complex constant a [3]

ĥ(t+ L|t) = a · hp(t+ L−∆t), (2.6)

where L is the prediction horizon, and ∆t is the time delay between the
antennas.2 Predictions can be made up to time L ≤ ∆t, using this simple
predictor.The time delay will depend on the separation between the main
antenna and the predictor antenna, here called the antenna distance, and
also on the speed of the vehicle, ∆t = ∆d/v, see Figure 2.5.

Δd

Main 
antenna

Predictor 
antenna

v

h(t) hP(t)

Δt = Δd / v

Figure 2.5 – Predictor antenna concept.

More elaborate prediction schemes that use the signal from the predic-
tor antenna can be constructed. For example, the direct measurement signal
hp(t+L−∆t) represents a symbol wise channel estimate, obtained by using
equation (2.5). This estimate could be substituted by an estimate with bet-
ter noise suppression properties, for example a Kalman or Wiener smoothing
estimate ĥp(t+L−∆t|t) that may also use signals from adjacent subcarriers.
However, this thesis focuses on the basic estimate in equation (2.6), since
its simplicity makes it uncomplicated to work with.

Now let us determine the optimal choice of a, i.e. the a that minimises
the prediction variance of the error defined in 2.8. Assume that the channel
of the predictor antenna hp(t) is a superposition of the channel of the main
antenna h(t) and a signal h̃(t) that is uncorrelated with h(t), i.e.

hp(t−∆t) = c · h(t) + h̃(t), (2.7)

where c is a complex scalar. No loss of generality is introduced by making
such an assumption (in the case where hp(t) is completely uncorrelated to
h(t), c would be zero). Define the error of the L step prediction as

ε(t+ L) = h(t+ L)− ĥ(t+ L|t), (2.8)

2The hat over a variable indicates that it is an estimate, and the notation t+L|t means
that the estimate is made of the variable at time t+ L using measurements up to time t,
e.g. x̂(t+ L|t) is the estimate of x(t+ L) based on measurement up to time t.
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Minimising the variance of the squared error

σ2
ε = E|h(t+ L)− ĥ(t+ L|t)|2, (2.9)

with respect to the scalar gain a in equation (2.6), will, with the signal
model in equation (2.7), give

a = c∗ ·
σ2
h

σ2
p

, (2.10)

where c∗ is the conjugate of the complex gain in equation (2.7), and where σ2
h

and σ2
p is the variance of the main antenna channel and predictor antenna

channel respectively. The corresponding Normalised Mean Square Error
(NMSE) of the prediction is then given by

NMSE =
E|h(t+ L)− ĥ(t+ L|t)|2

σ2
h

= 1− |c|2 ·
σ2
h

σ2
hp

. (2.11)

For example, with |c| = 0.95, and with equal antenna gains (σ2
h = σ2

hp
),

would give a resulting NMSE of 0.0975, or -10.1 dB. For the derivation of
equations (2.10) and (2.11) see Appendix A.

The NMSE is a good measure of how good the prediction is, since it is
normalised to the variance of the channel, and can be compared with other
predictors. The smaller the theoretical NMSE, the better will the predictor
work when tested.

To find the constant c in equation (2.7), statistics for the correlation in
time between the channels of the main antenna and the predictor antenna
can be generated. The channel estimation can be performed by using known
transmitted signals (pilots) at known time-frequency positions in the trans-
mitted signals. The correlation function between h(t) and hp(t) in equation
(2.7) will have a maximum at time delay ∆t with the complex value:

Rhhp(∆t) = E[h(t) · h∗p(t−∆t)] = c∗ · σ2
h. (2.12)

If the correlation function is normalised, then the value of the peak will be

b =
Rhhp(∆t)

σhσhp
= c∗

σh
σhp

, (2.13)

and the theoretical prediction NMSE in terms of the normalised peak b

NMSE = 1− |b|2. (2.14)

An important question to answer is how noise in the channel measure-
ments will affect the correlation estimate. Assume that the noisy OFDM
channel estimates, obtained, e.g., by equation (2.5), are used:

ĥ(t) = h(t) + ∆h(t); ĥp(t) = hp(t) + ∆hp(t), (2.15)
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where ∆h(t) and ∆hp(t) represent channel estimation errors at one subcar-
rier for the main antenna and the predictor antenna respectively. Then, the
correlation function of the estimates

Rĥĥp(τ) = E[(h(t) + ∆h(t))(h∗p(t− τ) + ∆h∗p(t− τ))], (2.16)

will equal Rhhp(τ) by equation (2.12) if the estimation error obtained at
one antenna are uncorrelated with the signals and estimation errors at the
other antenna, i.e. if E[h(t) ·∆h∗p(t − τ)] = 0, E[∆h(t) · h∗p(t − τ)] = 0 and
E[∆h(t) ·∆h∗p(t − τ)] = 0 for all τ . Under these conditions, the estimated
correlation function should also have a global maximum at time delay ∆t,
with the value from equation (2.12), if a sufficiently large data window is
used to average out noise3. In practice, the use of short data windows
may lead to multiple peaks in the estimated correlation function. In our
measurements, data windows of size at least 1000 samples have been found
to give reasonable estimates, see subsection 4.1.3.

3A situation where these conditions, in particular the condition E[∆h(t) · ∆h∗
p(t −

τ)] = 0, are not fulfilled, may occur if the noises/interferences at the two antennas are
significantly correlated, e.g., the noise from distortion due to clipping in the AD converter.
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2.4 Kalman Prediction

The complex channel of the main antenna can be predicted based on its own
channel statistics with respect to time and frequency. The Kalman predictor
gives a prediction based on a model of the system and old measurements.
It is widely used in different technical applications, and when the system
model is exact, the Kalman predictor is the optimal linear predictor [15].
When using the Kalman predictor on measured data, as in this thesis, the
model has to be estimated based on statistics from signal measurements.

2.4.1 Estimating a Channel Model Based on Statistics

When making a model of the system based on statistics, a common approach
is to use an Autoregressive-Moving-Average (ARMA) model. With this
model, the time-varying channel is regarded as the output of a linear filter
driven by a white noise. The model is not used to reproduce the channel, but
rather to mimic the typical behaviour of the channel. The filter in the model
consists of two parts, a Moving-Average (MA) part with the zeros in the
filter, this is good for modelling dips in the spectra, and an Autoregressive
(AR) part with the poles of the filter, that is good for modelling the peaks
of the spectra. A special case of an ARMA model is when only the AR part
is used, called an AR model.

An AR model is suitable to represent the short time fading behaviour
of the channels, that often have an oscillatory behaviour. Each pole in the
AR model represents a peak in the Doppler spectrum, and is a damped
oscillator with a corresponding frequency. In general, the statistics of the
channel changes much more slowly than the fading. The AR model can
therefore be considered static over limited time-intervals4 [10, ch. 4]. A
channel at a particular frequency and time h(t) can be modelled as white
noise u(t) filtered by an Infinite Impulse Response (IIR) AR-filter of order
n

h(t) = −a1h(t− 1)− a2h(t− 2)− . . .− anh(t− n) + u(t), (2.17)

where ai are the AR model parameters. By introducing the backward unit
shift operator q−1, q−1y(t) = y(t− 1), h(t) can be expressed as

h(t) =
1

1 + a1q−1 + a2q−2 + . . .+ anq−n
u(t). (2.18)

By using the forward unit shift operator q, qy(t) = y(t+ 1), we obtain

h(t) =
qn

(q − p1)(q − p2) · · · (q − pn)
u(t). (2.19)

4The AR model can be updated every time step just as the Kalman filter, but such
schemes are not considered in this thesis since the channel statistics in the measured
channels changes slowly, and frequent model updates bring unnecessary complexity to the
calculations.
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By exchanging q for the complex valued variable z we obtain a frequency do-
main description in which (p1, p2, . . . , pn) represents the poles of the model.
The Doppler spectrum of the fading channel model can be evaluated as the
model response on the unit circle z = eiω.

The Least Square method can be used to estimate the AR model pa-
rameters ai from N samples of h(t), {1 6 t 6 N}, where N > n. The aim is
to minimise the power of the noise term u(t) in equation (2.17), also called
the equation error or the resudual. This would provide the best predictor
ĥ(t|t − 1) that can be obtained as a linear combination of noise free mea-
surements of h at time t − 1, . . . , t − n. Let the vector b and matrix A
be

b = −



h(2)
h(3)

...
h(N)

0
0
...
0


, A =



h(1) 0 · · · 0
h(2) h(1) · · · 0

...
...

. . .
...

h(N − 1) h(N − 2) · · · h(N − n− 1)
h(N) h(N − 1) · · · h(N − n)

0 h(N) · · · h(N − n+ 1)
...

...
. . .

...
0 0 · · · h(N)


.

(2.20)
Now the AR model can be written on the form:

b = A a, (2.21)

where a =
(
a1 a2 · · · an

)T
. The Least Square estimate5 of the AR

parameters is then:
â = (A∗A)−1A∗b. (2.22)

This AR model describes the short time behaviour of the channel, and
is optimised for a one step prediction. We want to make predictions over
longer time horizons, and therefore need a model that shows the long time
behaviour of the channel. So the model used in this thesis is based on
sub-sampling of the measurements. To make it optimised for an L step
prediction, the following sub-sampled model is used:

h(t) = −α1h(t− s)− α2h(t− 2s)− ...− αnh(t− ns) + u(t), (2.23)

where s is an appropriate subsampling factor. With an appropriate adjust-
ment of A and b, the parameters αi in this model can be estimated by
means of the least square procedure outlined above.

5Using the Least Square method is just one of several methods that can be used to
estimate the AR model parameters. Some methods (covariance method, modified covari-
ance method and Least Square) are evaluated in [10, ch. 8], and the one used in this thesis
is found to be the best.
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If an AR model has been estimated on subsampled form (2.23), it will
have to be transformed to the original sampling rate, since the Kalman
predictor will in general work on signals with that sampling rate. In order
to compensate for the down sampling, the poles of the sub-sampled system
{π1, . . . , πn} are converted to an AR model that fits the sampling time of
the system

pi = π−si , 1 6 i 6 n. (2.24)

The sub-sampling factor should preferably be set to match the prediction
horizon, s = L [10, ch. 8], but one should be aware that on real measurements
this can give unwanted aliasing effects if the prediction horizon is too large.
If the prediction horizon L is too large so that 1/L is smaller than the
maximum Doppler frequency fD, aliasing effects will deteriorate the sub-
sampled AR model. One way around this problem is to low pass filter the
channel before the parameters are estimated. An even more simple way
around the aliasing problem, which is used in this thesis is using a sub
sampling factor of s = L/2.

The channel model must be written on state space form to fit the Kalman
algorithms. Here such a state space model is expressed by

x(t+ 1) = Xx(t) + Yu(t)

h(t) = Zx(t),
(2.25)

where x(t) is a column vector of size n containing the complex-valued state
variables. It describes a state in the system (the system being the time
varying channel), that not necessarily needs to be measurable. The state
changes in time depending on previous states, via the term Xx(t), and on
new inputs via Yu(t). The matrices Y and Z have dimensions n × 1 and
1× n respectively, while X is an n× n matrix.

There are a number of ways to transfer the AR model from pole-zero
form to state space form. The one used here is the diagonal state space
realisation suggested in [10, ch. 4], where the AR poles are placed on the
diagonal of the n× n state update matrix X, and where the vectors Y and
Z are scaled appropriately:

X[i, i] = pi, X[i, j] = 0 i 6= j

Y[i] =
∏

j=1,... ,n
j 6=i

(pi − pj)−1,

Z[i] = pn−1
i , i = 1, . . . , n.

(2.26)

2.4.2 Multi Channel Model

The previous section described how to estimate a model for the time-dynamics
of the scalar complex-valued channel at one subcarrier (channel at one fre-
quency). Now lets look at modelling many subcarriers at the same time,
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both in the AR model estimation and in the model used in the Kalman
predictor.

AR Model Parameter Estimation

Assume that the channel introduced in the previous section is a time varying
channel depending on the (integer) subcarrier frequency index f so that
h(t) ⇒ hf (t) and b ⇒ bf ,A ⇒ Af . To find one single model in a least
square sense for the channels at w subcarriers 1 6 f 6 w, equation (2.21)
can be expanded to b1

...
bw

 =

A1
...

Aw

a, (2.27)

and solved for a in a least square sense, analogously to equation (2.20). The
filter width of the AR-model, i.e., for how many adjacent subcarriers to use
the same value of a, is discussed more in subsection 4.2.2.

Model of Fading Channels at Multiple Subcarriers

If the sub channels in the system are correlated in frequency, it can be bene-
ficial to predict multiple subcarriers simultaneously. Assume that the chan-
nels on w subcarriers are to be predicted simultaneously, and therefore need
to be described by one joint state space model. Let the channel be expanded
to h(t) = [h1(t), . . . , hw(t)]T , and similar x(t) = [x1(t)T , . . . , xw(t)T ]T and
u(t) = [u1(t), . . . , uw(t)]T . The model from equation (2.25) can then be
expanded to

x(t+ 1) = diag(X, . . . ,X)x(t) + diag(Y, . . . ,Y)u(t),

= Ax(t) + Bu(t),

h(t) = diag(Z, . . . ,Z)x(t),

= Cx(t),

(2.28)

with the noise u(t) having covariance matrix Q = E[u(t)u∗(t)] of dimension
[w × w]. Since the process noise is not a measured variable, the covariance
matrix Q cannot be found directly, but can be estimated from the properties
of the subchannel covariance matrix Rh = E[h(t)h∗(t)] with the equation
[10, ch. 4]:

Q = Rh �C(B1B∗ � (1− aa∗))C∗, (2.29)

where � means element wise division, and 1 is a matrix of ones.
Observe that the filter width w that is used to estimate the parameters

of an AR model does not have to be the same as the filter width used in the
state space model. The appropriate choice of the filter width is discussed in
subsection 4.2.2.
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2.4.3 Kalman Algorithm

The Kalman predictor is based on a state estimation algorithm that is up-
dated with every new measurement. Let the noisy measurement of the
channel be6 y(t) = h(t) + v(t), where v(t) is a measurement noise with
covariance matrix R = E[v(t)v(t)∗]2.

The Kalman filter for the state variables x(t) in (2.28) is then given by

P (0| − 1) = Π0, x̂(0| − 1) = x0 = 0, (2.30a)

K(t) = P (t|t− 1)C∗[CP (t|t− 1)C∗ + R]−1, (2.30b)

x̂(t|t) = x̂(t|t− 1) +K(t)[y(t)−Cx̂(t|t− 1)], (2.30c)

x̂(t+ 1|t) = Ax̂(t|t), (2.30d)

P (t|t) = P (t|t− 1)−K(t)CP (t|t− 1), (2.30e)

P (t+ 1|t) = AP (t|t)A∗ + BQB∗. (2.30f)

The reader who is unfamiliar with the Kalman filter is referred to Appendix
B for a detailed analysis and explanation of above variables and equations.

If the Kalman algorithm is stable with no time dependence in the state
space model, P (t+ 1|t) will converge to a stationary value P. The station-
ary P can then be calculated in advanced by solving the discrete algebraic
Riccati equation [15, ch. 8].

P = APA∗ + BQB∗

−APC∗[CPC∗ + R]−1CPA∗.
(2.31)

The Kalman gain matrix K(t) will then converge as well to a stationary
value K and can be calculated from (2.30b) with P (t+1|t) exchanged for P.
Using these stable values in the Kalman algorithm will give larger estimation
errors of x(t|t) at the start of the iterations, and give the Kalman algorithm
a longer settling time. But in our case, the access of data is enough to
remove the first incorrect estimations and still get good statistics on the
prediction error.

The prediction of the channel ĥ(t+L|t) is calculated from the estimated
state vector x(t|t)

ĥ(t+ L|t) = CALx̂(t|t). (2.32)

The matrix P (t+1|t) is the covariance matrix for the one step prediction er-
ror (the error in estimating x̂(t+1|t)). The covariance matrix for prediction
horizon L is calculated according to [10, ch. 8]

P (t+ L|t) = AP (t+ L− 1|t)A∗ + BQB∗. (2.33)

6In [10] the measured variable y(t) used is not based on the estimate of the channel
H̃[i] from equation (2.5), but on the received signal R[i] from equation (2.4). This gives
the ability to work with different pilot patterns, but adds more complexity.
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From the prediction error covariance matrix in equation (2.33), an estima-
tion of the NMSE of the prediction can be made

NMSE = diag(CP (t+ L|t)C∗)� diag(Rh). (2.34)
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2.5 Combined Prediction

The two predictors, the one using the predictor antenna and the Kalman
predictor based on statistics from the main antenna, can be combined to
obtain a better prediction result. Let ĥa be the antenna prediction of h(t)
with a error variance of σ2

a, and similarly, let the Kalman prediction be ĥk
with an error variance of σ2

k. When the predictors are combined into one
prediction, they should be weighted with their inverse error variances. If
the error in one predictor is large, compared to the other one, then that
prediction should be weighted low, and opposite, if the error variance is
low in one predictor, the prediction should be weighted high. To obtain
the Minimum Mean-Square Error (MMSE) for a combined predictor, if the
errors in the two estimate are uncorrelated, the two predictors should be
scaled with the inverse of their variance, and then normalised with the sum
of the two inverse variances:

ĥ(t) =
σ−2
a ĥa + σ−2

k ĥk

σ−2
a + σ−2

k

. (2.35)

The resulting error variance for the combined predictor becomes

σ2 =
σ2
k σ

2
a

σ2
k + σ2

a

. (2.36)

The resulting error variance will always be smaller than either of the error
variances of the antenna predictor and the Kalman predictor. The smallest
resulting error variance will occur if the including variances are equal, in
which case the resulting error variance will be half that value. If one variance
is a lot larger than the other one, the benefit from a combined predictor is
small.
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Chapter 3

Measurements

Measurements with prediction antennas were collected in Dresden in the
spring of 2012. The test bed in Dresden consist of several base stations with
uplink and downlink in downtown Dresden, and a Volkswagen T4 measure-
ment bus with user equipment used as receiver. The bus is equipped with
Signalion’s HaLo prototyping equipment that saves the down-converted re-
ceived signal, as in equation (2.3). The data is later evaluated off-line.

In these measurements only one base station antenna was used, and only
the downlink was measured with the measurement bus as a moving relay.
Two to four receiving antennas were mounted in a line on the measurement
bus driving with a velocity of 45-50 km/h.

3.1 The Measurement Setup

The signal was transmitted with the OFDM technique, with a carrier fre-
quency of 2.68 GHz. The measurements was taken during approximately
500 ms, that corresponds to approximately 5000 OFDM symbols, of which
each is 2048 samples long. Only 1920 of the 2048 subacarriers where used in
the evaluation, due to filter effects at the edges, and some subcarriers with
no transmission. The measurement parameters are collected in Table 3.1.
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Table 3.1 – Measurement Setup Parameters.

Carrier frequency fc 2.68 GHz

Bandwidth 20 MHz

Number of subcarriers N 2048

Number of used subcarriers 1920

Measurement time ∼ 500 ms

Number of OFDM symbols ∼ 5000

Transmitting antenna +45 standard cross polarised base station
antenna (KATHREIN 80010541),
beam width 58◦, 18 dBi gain,
down tilt 9◦, hight 55 m.

Receiving Dipole antenna standard vertically polarised WLAN dipole
receive antenna (KATHREIN 80010431),
mounted on a bar over the car roof or
mounted over an aluminium sheet.

Receiving Monopole antenna Specially design antenna mounted over
an aluminium sheet.

Antenna separation ∆d 0.15λ, 0.25λ, 0.5λ, λ, 2λ, 3λ
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The receiving antennas were mounted on the roof of a minivan, with
three different setups:

• Dipole antennas mounted on a bar over the car roof, see Figure 3.1.

• The same dipole antennas mounted over an aluminium sheet on the
car roof.

• Monopole antennas mounted over the same aluminium sheet, see Fig-
ures 3.2 and 3.3.

Figure 3.1 – The measurement setup with dipole antennas mounted on a bar
on the roof of the measurement bus.

Figure 3.2 – The aluminium sheet used to get a more homogenous environ-
ment around the antennas, mounted on the roof of the measurement bus. In
the middle of the sheet two monopole antennas used in this setup can be seen.

The two antennas (predictor antennas and main antenna) were mounted in
line with the direction of travel, and measurements were preformed for a set
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Figure 3.3 – Monopole antennas used in the setup, mounted on the aluminium
sheet.

of antenna distances

∆d = {0.15λ, 0.25λ, 0.5λ, λ, 2λ, 3λ}. (3.1)

The shortest distance is only used for the monopole antennas, since the
dimension of the dipole antenna made it impossible to measure at that
short distances. The aluminium sheet was added to see to what extent
the local environment around the antennas would have a impact on the
correlation of the channels between the antennas, and if a more homogeneous
environment could give a higher correlation. It turns out that the local
electrical environment has a very important effect, as one can see from the
result in Chapter 4.1.1.

To simulate an array of antennas, some measurements with a setup of
four antennas were made. All antennas were connected, but measurements
were performed only with the two antennas in the middle. For a photo of
this setup, see Figure 3.4.

The measurement sites were in a suburban environment with buildings of
height 10–50 m, and during the measurements there where scarcely no traffic.
Two measurement spots were used, one that was estimated to be LOS,
i.e. the site had a strong signal component directly from the transmitting
antenna, and one NLOS, see Figure 3.5. Later, after analysing the data, it
became evident that also the measurements from the NLOS site seemed to
have a strong direct component, even though the transmitting antenna could
not be seen from the spot. This is probably due to diffraction over a rooftop,
or a strong reflection component. These measurements will continuously be
referred to as the NLOS measurements even though they shows statistics
one could expect from a LOS measurement.

At least three measurements where performed for each setup. The four-
antenna measurements were only performed with the dipole antennas, and
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Figure 3.4 – Measurement setup with four dipole antennas mounted on an
aluminium sheet. Measurements are taken only from the two antennas in the
middle, even if all antennas where connected.

only for the distances 0.5λ without the aluminium sheet, and for the dis-
tances 0.25λ and 0.5λ with the aluminium sheet. The four-antenna mea-
surements are not considered in the evaluation of the predictors, only the
correlation between the channels is evaluated.

● Transceiving antenna
● LOS measurement spot
● NLOS measurement spot

8 storey

4 storey4 storey

5 storey

1 storey

17 storey17 storey

100 m

Figure 3.5 – Important buildings around the measurement site and the
transceiver antenna. The rectangles shows the buildings that probably had
highest impact on the measurements, and how many storeys high the building
is.
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3.2 Noise in the Measurements

The amplifier gain of the received signal during the measurements was man-
ually adjusted for each measurement setup. The gain was set as high as
possible without clipping in the received signal, i.e. not saturating the ampli-
fier, though for some measurements clipping occurred anyway. This clipping
seems to not affect the correlation between the channels, so these measure-
ments are used in the evaluation1. There were some additional measure-
ments made at zero speed (static measurements), and from these measure-
ments, the Signal to Noise Ratio (SNR) of the channels was evaluated. By
assuming that the channel should be constant during the static measure-
ments, the SNR was estimated to be between 17.9-25.2 dB. In [8] measure-
ments of the SNR based on noise measurements in subcarriers that carried
no signal gave a higher SNR estimate, around 30 dB. Estimation of the SNR
is complicated by the fact that the receiver gain was varied manually during
the measurements.

In Section 2.2, the SIR due to Inter-Carrier Interferes (ICI) was estimated
to be around 37 dB. This is significantly higher than the estimated SNR,
indicating that the effect of the ICI is not significant in these measurements.

Different kind of noises and imperfections in the measurements and their
effect on the correlation between the channels is evaluated in [8].

1However, as noted in [8], clipping can have the effect of preserving a higher correlation
between the (delayed) predictor antenna signal and the main antenna signal, while reduc-
ing the quality of the actual prediction. The clipping-induced noise could be significantly
correlated at the two antennas, as mentioned in Footnote 3 in Section 2.3. The measured
prediction NMSE would in such situations become worse than the theoretical NMSE ob-
tained from equation (2.14). It is possible that this effect contributes to the somewhat
wore measured, as compared to theoretical, NMSE values represented in Chapter 4 below.
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Chapter 4

Evaluation of the predictors

4.1 Prediction with Predictor Antenna

4.1.1 Antenna Correlation
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Figure 4.1 – Magnitude of the maximal normalised correlation b versus an-
tenna separation ∆d, and the corresponding theoretical NMSE, for measure-
ments performed with two dipole antennas mounted on a bar over the car roof.
Means and percentiles are over all subcarriers and measurements.

A theoretical NMSE can be calculated according to equation (2.13) and
(2.14), without making any real predictions of the antenna channel. Since
the theoretical NMSE of the antenna prediction is dependent on the corre-
lation in time between the channels of the antennas, see Section 2.3, it is
interesting to see how well correlated the channels are. In Figures 4.1, 4.2
and 4.3, we can see the magnitude of the normalised correlation peaks b and
the corresponding theoretical prediction NMSE for dipoles mounted over the
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Figure 4.2 – Magnitude of the maximal normalised correlation b versus an-
tenna separation ∆d, and the corresponding theoretical NMSE, for measure-
ments performed with two dipole antennas mounted over an aluminium sheet.
Means and percentiles are over all subcarriers and measurements.

car roof, dipoles mounted over an aluminium sheet and for the monopoles
mounted over the same aluminium sheet respectively. The correlation is
taken for each subcarrier and the mean over all subcarriers and measure-
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Figure 4.3 – Magnitude of the maximal normalised correlation b versus an-
tenna separation ∆d, and the corresponding theoretical NMSE, for measure-
ments performed with two monopole antennas mounted over an aluminium
sheet. Means and percentiles are over all subcarriers and measurements.
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Figure 4.4 – Magnitude of the maximal normalised correlation b versus an-
tenna separation ∆d, for measurements performed with two monopole antennas
mounted over an aluminium sheet. This figure is the same as can be seen in
Figure 4.3, but with a different scale.

ment is plotted, together with the 5% and 95% percentiles. A line is added
at a correlation of b = 0.92, and the corresponding NMSE of -8dB, since the
prediction of the channel must preform better than this to give a gain in
the performance when using link adaptation and opportunistic multi-user
scheduling, based on predicted CSIT [6].

To find the correct correlation peak, one has to remember that the last
samples in the measurements from the predictor antenna, and the first sam-
ples in the measurements from the last antenna, will be uncorrelated with
all the other samples, and should be removed before estimating the correla-
tion peak. In [3], this was not considered, and a fall off was observed in the
correlation for increasing antenna distance ∆d. When these ”edges” on the
observed time-windows are removed, the fall off for large distances is not as
dominant, and cannot even be observed for monopole antennas, as seen in
Figure 4.4, which is a zoom in of the correlation in Figure 4.3.

All measurement setups show a lower correlation in time for antenna
distances of 0.25λ than for 0.5λ. This is also observed in the experiments
by Vaughan et al. [7], where it was suggested that this effect is due to the
mutual coupling of the antennas.

The correlation is higher for the dipole mounted over an aluminium
sheet, than for the same dipoles mounted over the car roof, and is higher
for monopoles than for dipoles. The higher correlation for monopoles than
can be due to that the monopole antenna had better reception at the carrier
frequency used. The higher correlation for measurements preformed with the
aluminium sheet suggests that the local environment around the antennas,
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and the antenna patterns, have a large impact on the correlation. The more
homogeneous the nearby environment and antenna pattern is, the higher is
the correlation between the channels of the antennas.

In Figure 4.1, one can see that the correlation is lower for the LOS
measurements than for the NLOS measurement site, at antenna distance
∆d = 1λ. This ”dip” is not observed for any of the other measurements,
and the cause of this is unknown.

The unexpected trend that the correlation for LOS measurements is
lower than the correlation for NLOS measurements is discussed more in
Chapter 5

4.1.2 Correlation of Antennas Mounted in an Array

Only a few measurement were preformed with the four-antennas setup de-
scribed in Section 3.1. Measurements where taken only from the innermost
antennas, and the correlation between these two antennas where evaluated
in the same manner as for the two antenna setup. For the dipole anten-
nas mounted on a bar over the car roof, measurements where done for
antenna distance of ∆d = 0.5λ, and the correlations for this setup can
be seen in Table 4.1. For the setup with dipole antennas mounted on an
aluminium sheet, measurements were performed with antenna distances of
∆d = {0.25λ, 0.5λ}, and the correlation peaks can be seen in Table 4.2.

Table 4.1 – Magnitude of the maximal normalised correlation of the four an-
tenna set up, compared with maximal normalised correlation of measurements
with two antennas mounted. Dipoles mounted on a bar over the car roof where
used for this table. Mean and percentiles are taken over all subcarriers and
measurements.

∆d = 0.5λ 2 antennas 4 antennas

95% 0.889 0.954
LOS mean 0.865 0.933

5% 0.836 0.906

95% 0.945 0.961
NLOS mean 0.933 0.943

5% 0.913 0.915

From the tables, one can see that the correlation peak goes up with the
four-antenna setup if the antenna distance is 0.5λ. This could be due to
that the antenna patterns are more similar for the four-antenna setup. If
only two antennas are mounted on the car, the first antenna will have a
higher gain on signals coming from the front, and the second antenna will
have higher gain of signals coming from the rear. In an antenna array, the
middle antennas will have more similar antenna pattern, while experiencing
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Table 4.2 – Magnitude of the maximal normalised correlation of the four
antenna set up, compared with maximal normalised correlation of measure-
ments with two antennas mounted. Dipoles over an aluminium sheet where
used for this table. Mean and percentiles is taken over all subcarriers and
measurements.

∆d = 0.5λ 2 antennas 4 antennas

95% 0.966 0.980
LOS mean 0.948 0.967

5% 0.932 0.955

95% 0.955 0.976
NLOS mean 0.937 0.968

5% 0.924 0.956

∆d = 0.25λ 2 antennas 4 antennas

95% 0.875 0.844
LOS mean 0.802 0.740

5% 0.730 0.572

95% 0.888 0.864
NLOS mean 0.858 0.779

5% 0.831 0.701

the highest gain from the direction perpendicular to the velocity [16]. For
antenna distances of ∆d = 0.25λ, instead the correlation peak goes down a
bit with the ghost antennas. This could be due to the same phenomena that
make the correlation go down in all measurements for 0.25λ (see Figure 4.1
to Figure 4.3).

4.1.3 Evaluation of the Antenna Prediction

The prediction with an antenna predictor, described in Section 2.3, is straight-
forward. By taking the maximum of the correlation between the channels of
the antennas in time, one will find the time delay ∆t between the antennas
and the complex constant c used in the predictor, see equation (2.10). The
correlation is estimated by using the expression

R̂xy(m) =


1

N−|m|

N−m−1∑
n=0

x(n+m)y∗(n) m ≥ 0

R̂∗xy(−m) m < 0

(4.1)

How to normalise the correlation function is not unimportant. If the
correlation function is normalised with unbiased normalisation 1

N−|m| , the
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error in the estimation of the correlation grows large at the ends of the
sequence (|m| ∼ N), and the maximum of correlation estimation can occur
at another time than ∆t. Therefore the correlation is first normalised with
biased normalisation 1

N , the maximum found, and then multiplied by N
N−|m|

to obtain the correct unbiased normalisation.
When looking at the correlation in time between channels of the anten-

nas, there is a clear peak at time ∆t when using all the nearly 5000 samples.
When fewer samples are used, the peak is rounded and the maximum is
harder to find. The longer the distance between the antennas is, and the
faster the vehicle is moving, the more samples need to be used in order to
find the correct correlation peak. For the largest antenna distance in this
thesis (3λ), it is found that the lower limit of how many samples to estimate
the delay time is around 700. In this thesis a 1000 samples is used to esti-
mate the prediction parameters, as described in Section 2.3. The prediction
is then evaluated on the next 1000 samples. The resulting NMSE of the
prediction, achieved according equation (2.11), is depicted in Figures 4.5,
4.6 and 4.7. The Figures show the results for the dipoles over the car roof,
dipoles mounted over an aluminium sheet, and monopoles mounted over the
same aluminium sheet respectively. If one compares this evaluated NMSE
with the ones in Figure 4.1 to 4.3, one can see it follows the theoretical
value well, but performs about 1-3 dB worse. This is probably due to error
in estimate of the correlation between the antennas.
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Figure 4.5 – NMSE of antenna prediction versus antenna separation ∆d, for
measurements performed with two dipole antennas mounted on a bar over the
car roof. Mean and percentiles is over all subcarriers and measurements.

As a conclusion, the attained channel prediction NMSE is so low that link
adaptation and scheduling methods that depend on CSIT should work well,
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Figure 4.6 – NMSE of antenna prediction versus antenna separation ∆d, for
measurements performed with two dipole antennas mounted over a aluminium
sheet. Mean and percentiles is over all subcarriers and measurements.

if a predictor antenna, placed 1-2 wavelengths in front of the main antenna
is used, and if the local environment around the antennas is made invariant
with respect to directions, as illustrated by the cases with metal sheets.
This is true with either dipole antennas or monopole antennas, although
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Figure 4.7 – NMSE of antenna prediction versus antenna separation ∆d, for
measurements performed with two monopole antennas mounted over a alu-
minium sheet. Mean and percentiles is over all subcarriers and measurements.
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the results with monopole antennas provide the highest performance. The
experiments performed without using the metal sheet (using just the bar
over the car roof) provide much lower prediction performance.
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4.2 Prediction with Kalman Prediction

Kalman prediction for two different prediction horizons are considered in
this thesis, a prediction of 0.25λ and of 0.5λ. In the LTE system, the carrier
frequency is around fc = 2 GHz and 0.5λ together with a vehicle speed at 50
km/h would correspond to a prediction horizon of 5.40 ms, which is longer
than the latency in the system [4].

In the measurements used here the carrier frequency is fc = 2.68 GHz
and the vehicle speed is 45-50 km/h. This would correspond to 39-44 time
samples with a prediction horizon of 0.5λ. Therefore a prediction horizon of
40 samples ∼ 4.096 ms and 20 samples ∼ 2.048 ms is chosen for evaluation.
The estimation time and evaluation time is the same as for the antenna
prediction, that is 1000 samples for estimation of prediction parameters,
and 1000 samples to evaluate the predictor.

4.2.1 Noise Estimation and Noise Reduction

The noise in the measurements will have large impact on the the modelling
of the system. Therefore the measurements need to be noise reduced before
an AR model is estimated. The filter for noise reducing used in this thesis
is a smoothing FIR Wiener filter of order 10 [15, ch. 7], estimated from the
correlation of the channel, assuming the noise is white. This noise reduced
signal is then used when estimating the AR-model (see subsections 2.4.1 and
2.4.2), and is assumed to be the noise free ”true” channel when evaluating
the prediction result.

When performing the noise reduction, one has to estimate the magnitude
of the noise. The channel does not change rapidly compared to the sampling
time, and therefore the noise can be estimate by investigating at how much
a sample diverges from the mean of the two in time neighbouring samples

v̂f (t) = h(t)f −
1

2
(hf (t+ 1) + hf (t− 1)) (4.2)

and then use this to estimate the variance of the noise σ2
vf

= E|vf (t)|2. This
method will not be exact, and probably gives a too large value of the noise
variance, since changes in the channel will contribute to the estimation of
the noise variance as well. The estimated variance can be scaled, to give a
better estimate. How to scale can be determined visually, by looking at the
filtered channel and see what scaling gives the best result. It turns out that
a scaling of 0.6σ2

vf
provides the best filtered performance.

These noise reduced measurements are also used to estimate the mea-
surement noise covariance matrix R in the Kalman algorithm, see subsection
2.4.3.
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4.2.2 Model Order and Filter Width

The order of the AR model must be chosen so that the most important
features of the Doppler spectra can be modelled. From Figure 2.2, one can
see that only one or two clear peaks are present, and a low order can be
chosen in order to keep the calculation time down. Just like in [10, ch. 8]
it’s found sufficient with a model order of n = 4.

The choice of filter width for the estimation of the AR model is dependent
on how the statistics of the subcarriers changes over frequency. In these
measurements, the statistics seems to change slowly over frequency, since
a narrow filter width for the AR model does not give a better result. In
the models used for prediction only one set of AR parameters is assumed
to be valid for all 1920 utilised subcarriers, and is estimated as outlined in
equation (2.27).

The appropriate filter width w for the Kalman filter, discussed in 2.4.2,
depends on how correlated the channel fading in adjacent subcarriers is,
and also on how correlated the noise on the channel estimates is. If the
time-variability of channels in adjacent subcarriers is highly correlated and
the noise correlation is low, as will be the case in the present application,
then the prediction performance increases with an incerasing filter width
w, until the width corresponds to the coherence bandwidth of the fading
channel. The coherence bandwidth increases with decreasing channel delay
spread and is typically 200 kHz to a few MHz in LTE macro cells. The
choice of filter width w becomes a balance between benefit from correlation
and calculation speed. The Kalman filter is here chosen to be 20 subcarriers
(200kHz) wide.

4.2.3 Result of Kalman Prediction

Figures 4.8, 4.9 and 4.10, show the result of Kalman prediction based on
signals from the main antenna for dipole antennas mounted over the car
roof, dipoles mounted over an aluminium sheet and monopoles mounted
over an aluminium sheet respectively. The figures show the distribution of
the NMSE for the two prediction horizons evaluated, 40 samples = 4.096
ms that corresponds to about 0.5λ in red, and 20 samples = 2.048 ms that
corresponds to 0.25λ in blue. These are good results for being predictions
made with a Kalman predictor for such a long prediction horizon. Still, the
error for the 0.5λ prediction horizon will in most cases be above the limit
-8 dB deemed necessary for successful link adaptation and opportunistic
scheduling. The effect of the local electromagnetic environment (presence
or absence of metal sheet) is much less pronounced than in the prediction
results using the predictor antenna in the last subsection.
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Figure 4.8 – Distribution of NMSE for predictions made with a Kalman
predictor, based on signals from the main antenna only, for a prediction horizon
of 20 samples (in blue), and 40 samples (in red), for measurements performed
with two dipole antennas mounted on a bar over the car roof. Distribution is
over all subcarriers and measurements. The top graph is from measurements
performed at the LOS site, and bottom graph is from NLOS site.

4.3 Combined Prediction

The predictions using the predictor antenna outlined in Section 2.3 and the
Kalman predictor outlined in Section 2.4, that use signals from the main
antenna only, are here combined, as outlined in Section 2.5.

When combining the two different predictors, one has to estimate the
variance of the error of the predictions. For the antenna predictor, equa-
tion (2.11) gives the variance, and for the Kalman predictor, equation (2.34)
gives the variance. These predictions are then combined according to equa-
tion (2.35). The same parameters are used as in the previous evaluations,
except that only measurements with an antenna distance of ∆d = {λ, 2λ, 3λ}
where used, since the prediction horizon must be smaller then the antenna
separation L < ∆t. The resulting NMSE of the combined prediction is
shown in Table 4.3 for L = 20 samples and in Table 4.4 for L = 40 samples.

The two predictors are successfully combined. In all cases except one it
works better than the antenna predictor or the Kalman predictor by it self,
lowering the NMSE with up to 2.2 dB1.

1The highest performance benefit from combining the predictors would occur if the
prediction errors would be equal in the antenna predictor and the Kalman predictor,
lowering the NMSE of the combined predictor with 3 dB.
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Figure 4.9 – Distribution of NMSE for predictions made with a Kalman
predictor, based on signals from the main antenna only, for a prediction horizon
of 20 samples (in blue), and 40 samples (in red), for measurements performed
with two dipole antennas mounted an aluminium sheet. Distribution is over all
subcarriers and measurements. The top graph is from measurements performed
at the LOS site, and bottom graph is from NLOS site.

−20 −18 −16 −14 −12 −10 −8 −6 −4 −2 0
0

0.05

0.1

0.15

0.2

LOS

NMSE [dB]

D
is

tr
ib

u
ti
o

n

Monopoles over metal sheet

−20 −18 −16 −14 −12 −10 −8 −6 −4 −2 0
0

0.05

0.1

0.15

0.2

NLOS

NMSE [dB]

D
is

tr
ib

u
ti
o

n

 

 

Prediction horizon: 4.096 ms

Prediction horizon: 2.048 ms

Figure 4.10 – Distribution of NMSE for predictions made with a Kalman
predictor, based on signals from the main antenna only, for a prediction horizon
of 20 samples (in blue), and 40 samples (in red), for measurements performed
with two monopole antennas mounted an aluminium sheet. Distribution is
over all subcarriers and measurements. The top graph is from measurements
performed at the LOS site, and bottom graph is from NLOS site.
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Table 4.3 – Prediction NMSE in dB for a prediction horizon of 20 samples
(2.048 ms). The table shows results from the combined predictor, compared
with the antenna predictor and the Kalman predictor. Mean and percentiles is
over all subcarriers and measurements. Only measurements with an antenna
distance of 1λ, 2λ and 3λ were considered.

Dipoles over car roof Antenna Kalman Combined

95% -1.4 -12.7 -12.3
LOS mean -4.2 -15.0 -14.9

5% -8.9 -17.7 -17.7

95% -4.6 -11.8 -13.0
NLOS mean -7.2 -13.5 -14.4

5% -10.8 -15.7 -16.2

Dipoles over metal sheet Antenna Kalman Combined

95% -7.2 -13.9 -14.8
LOS mean -9.9 -15.6 -16.5

5% -15.3 -18.0 -19.6

95% -5.8 -12.4 -13.3
NLOS mean -9.4 -14.1 -15.1

5% -12.9 -16.1 -17.3

Monopoles over metal sheet Antenna Kalman Combined

95% -8.2 -14.5 -13.4
LOS mean -11.6 -16.4 -16.5

5% -15.1 -18.3 -19.2

95% -10.8 -14.4 -15.6
NLOS mean -13.1 -15.5 -17.1

5% -15.6 -16.8 -18.9
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Table 4.4 – Prediction NMSE in dB for a prediction horizon of 40 samples
(4.096 ms). The table shows results from the combined predictor, compared
with the antenna predictor and the Kalman predictor. Mean and percentiles is
over all subcarriers and measurements. Only measurements with an antenna
distance of 1λ, 2λ and 3λ were considered.

Dipoles over car roof Antenna Kalman Combined

95% -1.4 -4.9 -4.7
LOS mean -4.2 -7.0 -7.7

5% -8.9 -9.7 -11.3

95% -4.6 -5.5 -7.8
NLOS mean -7.2 -6.9 -9.4

5% -10.8 -8.6 -12.3

Dipoles over metal sheet Antenna Kalman Combined

95% -7.2 -5.7 -9.0
LOS mean -9.9 -7.4 -11.4

5% -15.3 -9.8 -15.8

95% -5.8 -5.5 -8.2
NLOS mean -9.4 -7.1 -10.9

5% -12.9 -9.1 -14.5

Monopoles over metal sheet Antenna Kalman Combined

95% -8.2 -6.2 -9.3
LOS mean -11.6 -7.7 -12.3

5% -15.1 -9.6 -15.4

95% -10.8 -6.3 -11.6
NLOS mean -13.1 -7.6 -13.9

5% -15.6 -9.2 -16.6
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Chapter 5

Discussion and conclusions

This work shows that a good prediction of the channel can be made with the
“prediction antenna” concept, and that it can be combined with a traditional
predictor based on statistics, for situations where the antenna predictions is
not sufficient. The performance result of the antenna predictor is strongly
dependent on the correlation between the channels of the main antenna and
predictor antenna. For a good correlation between the antennas the nearby
environment should be as similar as possible for the two antennas, and the
antenna pattern should be similar as well. A mutual coupling between the
antennas seems to lower the correlation, this effect can be seen on antenna
spacing of ∆s = 0.25λ.

The measurement site for NLOS showed to have a strong direct compo-
nent, so the conclusions made in this thesis may not be valid for a channel
with a flat Doppler spectrum. To make conclusion for different spectra,
additional measurements are probably needed.

The trend in the result seen in Figures 4.1, 4.2 and 4.3, that the corre-
lation for LOS measurements is lower than the correlation for NLOS mea-
surements, is unexpected. For a perfect LOS channel with no reflectors, the
correlation between the two antenna channels would be affected by the dif-
ference in the antennas, and the difference in placement on the measurement
bus. For a channel receiving the signal only via reflectors, the measuring bus
and other moving objects in the environment would be expected to lower
the correlation between the two antenna channels somewhat more. In these
measurements however, the statistics of the two measurement sites are quite
similar, and both probably have a strong reflector. This could contribute
to the LOS correlation not preforming better than NLOS. It is also possi-
ble that the LOS measurement spot had unknown conditions affecting the
channel, for example disturbances, that lowered the correlation.

The Kalman prediction works better than expected for a long prediction
horizon, but even so it is not good enough to obtain reliable performance
for adaptive transmission techniques based in CSIT for LTE systems, at the
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considered vehicular velocities. The Kalman predictor can still be valuable,
if the antenna predictor is failing. Reason of antenna prediction failure could
be that the vehicle is moving slowly, or not at all, in which case there would
be slow fading, and that would make the Kalman prediction perform better.
Another reason of failure could be changes in the antenna environment, that
the antennas are disturbed by things on the vehicle roof, or that one antenna
is accidentally tilted. In that case the Kalman filter can help boosting the
performance.

5.1 Future work

In this thesis I have not considered how a low SNR would affect the pre-
diction, only the noise already present in the measurement were considered.
One could redo the prediction evaluations with simulated noise added to the
measured signals, to see how it preforms at different levels of SNR.

In this simulation of a predictor, I have used all the available statistics
and data points from the evaluation time. In a real mobile system, only some
channels are known, since only some symbols are pilots, symbols known by
both the transceiver and receiver, so that the channel can be decoded. The
rest of the symbols are used to send data to the receiver. If only some
complex channel taps are available, then it is harder to find the time delay
∆t between the antennas, and the value of the correlation peak. There would
also be less statistics to estimate an AR model on. The schemes needs to
be evaluated in such, more realistic, transmission scenarios.

Finally, the gain in terms of throughput and delay statistics that is eval-
uated by adaptive downlink transmissions, as opposed to diversity-based
schemes, needs to be evaluated.
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Appendix A

Minimisation of the error
variance and the NMSE of
the antenna prediction

The predictor-antenna based predictor used in this thesis is a simple complex
scaling of the delayed channel estimate hp from the predictor antenna, at
the same subcarrier of the OFDM downlink:

ĥ(t+ L|t) = a · hp(t+ L−∆t). (A.1)

The error of the prediction is defined as

ε(t+ L) = h(t+ L)− ĥ(t+ L|t), (A.2)

where L is the prediction horizon. We are looking for the complex constant
a that minimises the variance of the prediction error

σ2
ε = E|h(t)− a · hp(t−∆t)|2, (A.3)

The prediction antenna is placed in front of the main antenna in the
direction of travel with an antenna separation of ∆s. If the vehicle is moving
at a speed v, then the time delay between the signals arriving at the antennas
is ∆t = ∆s/v. Assume that the channel of the prediction antenna hp(t) is
a superposition of the channel of the main antenna h(t) and a signal h̃(t)
uncorrelated with h(t),

hp(t−∆t) = c · h(t) + h̃(t). (A.4)

The correlation between the two antenna channels

Rhhp(τ) = E[h(t) · h∗p(t− τ)], (A.5)

will, under this assumption, have a maximum at lag τ = ∆t, with a value of

Rhhp(∆t) = E[h(t) ·h∗p(t−∆t)] = E[h(t) · (c ·h(t) + h̃(t))∗] = c∗ · σ2
h. (A.6)
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Making use of equation (A.6) and (A.4), the error variance becomes

σ2
ε = (1− ac− a∗c∗) · σ2

h + |a|2 · σ2
hp , (A.7)

where σ2
h = E|h(t)|2 and σ2

hp
= E|hp(t)|2.

Now the square error can be minimised with respect to the predictor
gain a. Let a = x+ iy. For the error variance to be minimised with respect
to a, the derivatives of the error variance with respect to both x and y must
be zero.

d

dx
σ2
ε = −(c+ c∗) · σ2

h + 2x · σ2
hp = 0, (A.8)

d

dy
σ2
ε = −(c− c∗)i · σ2

h + 2y · σ2
hp = 0, (A.9)

yielding

x = Re[c] ·
σ2
h

σ2
hp

, (A.10)

y = −Im[c] ·
σ2
h

σ2
hp

. (A.11)

This gives us a constant of

a = c∗ ·
σ2
h

σ2
hp

, (A.12)

and an antenna predictor of

ĥ(t+ L|t) = c∗ ·
σ2
h

σ2
hp

· hp(t+ L−∆t). (A.13)

Defining the NMSE as

NMSE =
E|h(t+ L)− ĥ(t+ L|t)|2

σ2
h

, (A.14)

gives, with equation (A.3), (A.7) and (A.12), a normalised error of

NMSE = 1− |c|2 ·
σ2
h

σ2
hp

. (A.15)
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Appendix B

The steps of the Kalman
algorithm

Kalman prediction is based on the state space model of the system:

x(t+ 1) = Ax(t) + Bu(t),

h(t) = Cx(t),

y(t) = h(t) + v(t),

(B.1)

where y(t) is the noisy measurement of the channel h(t), v(t) is the measure-
ment noise, with covariance matrix R = E|v(t)|2 and u(t) is the zero-mean
white process noise with covariance matrix Q = E|u(t)|2.

The Kalman algorithm updates each time step to make the optimal linear
one step prediction of the state variable x(t). The prediction is called the
observer and is usually marked with a hat to show that it is an estimate,
x̂(t + 1|t). The notation t + 1|t means that the prediction of x is made for
time t+ 1 based on measurements taken up to time t.

The Kalman algorithm looks like

P (0| − 1) = Π0, x̂(0| − 1) = x0, (B.2a)

K(t) = P (t|t− 1)C∗[CP (t|t− 1)C∗ + R]−1, (B.2b)

x̂(t|t) = x̂(t|t− 1) +K(t)[y(t)−Cx̂(t|t− 1)], (B.2c)

x̂(t+ 1|t) = Ax̂(t|t), (B.2d)

P (t|t) = P (t|t− 1)−K(t)CP (t|t− 1), (B.2e)

P (t+ 1|t) = AP (t|t)A∗ + BQB∗. (B.2f)

Let us start at equation (B.2c). The state variable x(t) is not measured,
but has to be estimated. The best estimate x̂(t|t) is based on previous
estimate of the state variable x̂(t|t− 1) and the difference between the mea-
surement y(t) and a estimate of the measurement Cx̂(t|t−1). The difference
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is scaled with the Kalman gain matrix K(t), defined in equation (B.2b). If
the measurement noise is high, a large covariance matrix R will make the
Kalman gain K(t) small. A small K(t) will make x̂(t|t) strongly dependent
on previous estimates, and not so much on the measurement y(t).

If the measurement noise is small, K(t) will be close to a kind of inverse
of C, and the x̂(t|t) will depend strongly on the measurement y(t), and not
so much on previous estimates.

The prediction of the state variable is given in equation (B.2d). It is
straight forward, the best prediction of the state variable x̂(t+ 1|t) is using
the state space model (equation (B.1)) and estimate that the noise is zero
(the best estimate of a zero-mean noise).

In equation (B.2e), the matrix P (t|t) is the covariance matrix of the error
in the estimation of the state vector:

P (t|t) = E|x(t)− x̂(t|t)|2. (B.3)

This error covariance matrix will be smaller than the prediction error co-
variance matrix,

P (t|t− 1) = E|x(t)− x̂(t|t− 1)|2. (B.4)

If the Kalman gain K(t) is large, then we have low measurement noise and
we can trust the measurements, and therefore the estimated state vector,
so P (t|t) will be much smaller than P (t|t− 1). If the measurement noise is
large, K(t) is small, and P (t|t) will be nearly as large as P (t|t− 1).

In equation (B.2f) the error covariance matrix is updated for the predic-
tion. It depends on P (t|t) scaled with A, compare with equation (B.2d),
and the process noise, given in the term BQB∗. A large process noise will
make P (t+ 1|t) larger as well.

If the state space model is stable and static, then the Kalman gain and
the covariance matrices will converge to a static value. The matrix P (t+1|t)
will converge to the solution of the discrete algebraic Riccati equation:

P = APA∗ + BQB∗

−APC∗[CPC∗ + R]−1CPA∗.
(B.5)

with P (t+1|t) exchanged for P. The static Kalman gain K can be calculated
with equation (B.2b).

At last we look at equation (B.2a), that initialises P (t|t−1) and x̂(t|t−1).
There are several ways to choose the initial parameters. If one knows nothing
about the state vector beforehand, then the best guess is to set x0 to zero.
When this is the case the initial covariance matrix should be set to

Π0 = BQB� (1− aa∗). (B.6)

The initial covariance matrix Π0 can be chosen smaller if one has a better
guess of the initial state variable x0.
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